5545 B 5 T R R AR Vol4S No.5
20264F 9 J] Journal of South-Central Minzu University (Natural Science Edition) Sept. 2026

>~ plv
Causal-ASD: E#i5 = TE T E RHERTH]
L S [RY RN N P S
F iR TE AN 77 %
P SR &
(1 PRERGERS VLSRR N TR A% L dt 243007452 RUAE FIESHEARABRA R, ML &
I 430074)

 E EIUE A (Active Speaker Detection ) & 175 2 BT A S5 ok i 28 67 24115 & 75 34, SR IRAT o A
O 4 IS PR B R PR T S M G OB 15 R I A e v 2 45 ) 0 W 2 RE LS00 . AR AR Bk S U5 T A
A 1] “F-40L A IR Hh 0 R AR DG (AN BRI 3l 5 JE 06T il i M B AR L 30 ) R Il e 2R 20 R 2, 58
ZALRE ) 332 PR . S AT, 4 L T — BT IR SR HE T A 0 B HE S Causal-ASD , ZAESRAL G T 5 -0 R
NE5 R 25 S R DR SR 25440, 51 AT T#AE (Intervention ) 55 {1 [ ] #1 %% ( Front-door Adjustment)%mﬁ SRR A B E T
BELUTIE PRSR B AR B AR , (IR B e R SR AH DG R E o . i — 20 AE B XTI 28 DL B AR T bRk iR a2
B, 85 A B TG A BT (Bi-GRU ) 55 FHE R AL s Ak 245 B N SCERIRE )y . 928045 R %W : Causal-ASD
AVA-ActiveSpeaker £ 8 F1 WASD Bl 4 [ 43 B S 0.8% F1 1.5% B4 %R RESR T 1% 05 1 A LA 5 F A
SRR R AR I TR, U AR AT S A S T TR B B R 10 AR By
KA ESHULIE A R Rz
FESHES TP391.4 XEMFER A XEHS  1672-4321(2026)05-0697-12
doi: 10.20056/j.cnki.ZNMDZK.20260711

Causal-ASD: A causal inference approach for active speaker detection in

CompleX scenarios
Liu Ruoling',Zhou Bin'"", Hu Bo’
(1 College of Computer(College of Artificial Intelligence ) , South-Central Minzu University, Wuhan 430074, Hubei
China; 2 Wuhan Dongxin Tongbang Information Technology Co., Ltd., Wuhan 430074, Hubei China)

Abstract Active Speaker Detection (ASD) aims to accurately identify the current speaker in multi-speaker scenarios.
However, existing methods often encounter performance bottlenecks in complex real-world environments due to
background noise interference, visual occlusion, and cross-modal data biases. The fundamental challenge lies in the
tendency of current models to fit spurious correlations in training data (e.g., the coincidental co-occurrence of lip
movements and unrelated background speech) as well as implicit confounders across modalities, which significantly limits
their generalization ability. To address this issue, an end-to-end framework based on causal inference is proposed, termed
Causal-ASD. Specifically, Causal-ASD constructs a causal graph structure between audio-visual features and detection
outcomes, and incorporates intervention and front-door adjustment strategies to block non-causal shortcut paths at the
feature generation level, preserving only feature representations relevant to direct causal effects. Furthermore, an
adversarial discriminator is designed to dynamically eliminate residual confounding factors, while a bidirectional gated
recurrent unit (Bi-GRU) combined with the self-attention mechanism is employed to enhance spatio-temporal context

modeling ability. Experimental results demonstrate that Causal-ASD achieves absolute performance gains of 0.8% and
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1.5% on the AVA-ActiveSpeaker and WASD datasets, respectively. This method introduces a new paradigm for causal

interpretability modeling in multimodal scenarios and exhibits stronger environmental adaptability, particularly under low-

quality input conditions.

Keywords active speaker detection; causal inference; cross-scene generalization
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JIHLH 3 58 A 28 B AR, D0 AR R sl A o
)5 T 2 P2 ) . EASEE-50"" 55 Light-ASD" 5 fE 5%
AT, TE R AR IR A A% B8 A 1 o i 52 BR P 458
75 T EAT P 3 LoCoNet " M| 58 1 Ji 38 5 4 Jay it e 4t
ML 25 4, T LR-ASD ™ 7 45 THA AL 1) & 4 1 Jr if
PEH T SR 38 I R 5 AT G # v R
Pl B i 5 G AL 5 Z MR T s AR
W FERE S 7 A [R) 2 BE b 78 53 9k BT 42 07 25 i 1k fig
P53

T — By vk 0 45 R R 5L T I IR S
A5, & BB 55 718 S I B A7 7E A 22
S Hp 52 I IR LR AR Light-ASD i 72 A% 15415 T
YA, | AL 5 B4 Pl Ak PRI EE 2 808 A S B0 A0 Yy
1 5 JF ARG — 2, (5 H mAP Hig SO A i 59 B0
I X Fh 22 57 T RE IR T L A BE 22 57
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3.2.1 AVA-ActiveSpeaker % ¥ &

MFE AT LA 1, AR SCHE B9 Causal-ASD 75 %
AT AR ¥ LT BLA AR O 2k R R
Light-ASD #H H , A< J7 25 A3 fin 0.08M By 2 4 il
0.3GFLOPs (i3 & , i mAP 4T+ T 0.82% ,3X —
PE BB 2 T I a7 B AR T RS iy o 28 i 931 1)1 2
FUER T o Y5 R TR 8 4y v o | Ay DRSS 4 T L o)
o A R AE 2 Tt T R A IR R R AT
PRUEAEIR A4 PR 2 B BB A% B A SO A B e 5

RS I T PR SR B, kB T e MR R AR IR A
J&s 3l A5 D AR DG A B T4, DT A5 810 B i e | T
PERYRAE AL Z R, #2001 5% (U1 ASDNet . EASEE-
50) AT ZrAs R 3D 4 FLE b A HR T 2 e
AT BIFRAERE ST AR R 77 2O 3 R 0 s 22
RIS . Causal-ASD W5 32 R SR 1 S AR A RlE R
W, LA 5 B A ity ) g U R HEZR T, JO 7 A A
Je A PRIV R S B g A A S TR R S R0

F 1 BFITEALE AVA-ActiveSpeaker SR | HOTERE HL#

Tab. 1 Performance comparison for methods on the AVA-ActiveSpeaker validation set

Method Single candidate Pre-training E2E Params/M FLOPs/G mAP/%
ASDNet'” x N x 51.30 14.90 91.10
EASEE-50" x N N 26.80 430 93.60
LoCoNet"'”! x N N 34.33 4.86 93.52
a. et X . . .
TalkNet!*’ N N 15.70 1.50 91.80
-la et ! X . . .
TS-TalkNet' N N 36.80 2.30 92.70
ight- ( X . . .
Light-ASD""! N N 1.02 0.60 93.41
LR-ASD'> J X N 0.84 0.51 93.74
Causal-ASD J x J 1.10 0.90 94.23

322 WASD# ¥ %&

T AR AR SCRE O R iz AR BE T, AR SC
£ WASD £ 4 b4 T iHEan e /AT, 25 R 1%
UL 26 2. WASD #5450 5 A 200 o« B A S 1
(0C) ¥ & B % (SD) | [ ¥ 8 £ (FO) (A 75 M s
(HVN) WS4 (SS) , Wit T M BRAR 45 14 2 ik 2
P 3 5, AT A PP AS AL LE R [R) AR T Y 6
Bk AR SCIR T T PR R AL 2515 B - AU AE AVA-

ActiveSpeaker (a4 T U1 25 F{UAE WASD £ 4E I
NGk, BRI 25 454 F , Causal-ASD B4 HEGE 23 0 L
FELRAEY Light-ASD (& 1 1.46% 1 1.86%. 3% F 42 Tt
T A SO L Ay DR SR DTS R B8 405 A 00 B o 1L
RS 285 ] (1 I AF O, ol A 780 76 TG XoF o 5 B T
TS HB AP LA e B TS S B T3 AR B S 2 2
ARG TR

2 BRI WASD B4 LAY PERE LA

Tab.2 Performance comparison for methods on the WASD validation set

Method Train Set Hard AP/%
AVA WASD ocC SI FO HVN SS

ASDNet N X 91.12 90.45 78.20 74.91 48.12 79.25
TalkNet N X 91.60 92.98 86.41 77.26 64.66 85.03
TS-TalkNet N X 91.09 93.70 88.60 79.22 64.08 85.72
Light-ASD N X 92.72 93.53 88.56 81.16 65.87 86.24
Causal-ASD N X 93.94 94.54 89.72 83.42 67.45 87.70
Light-ASD X 97.86 98.35 95.62 84.70 77.91 93.72
Causal-ASD X N 98.75 99.06 97.26 88.07 82.21 95.58

N, 76 FO 2851 rh | > T8 A2 B P A, PR
T 1945 B AR A s G AR 20 5 T A AR A O K
2, TR IZ A T AR IH R R g B, WA I 5
ZM R mAP 3 SR T 1.16% F11.64% ; /£ HVN 2
e Y O A 2 I, AR RY SE ao  o AlE PR SL
PR R VA R E N S R A Y 2

S, BRI 2R (9 mAP R4 )ik 5] 2.26% Fil
3.37%; M AE SS 2B FE W FE IR T, R SRR AiF 1Y
il JBC A A5 AR R A8 ST W 45 7 s T ISR i A
B WS T 1.58% M4.3% 4T 8K F X
S ZE A IOGIE T A SCHE 7 s e AR A T Y
AR, R T HAEE I S AT i &%
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3.3 HEAEI

ARG ARG AR SR A 2 T 2 A
UEAY Light-ASD ZE A4 1 2 ith #4 . 4 T 3K £ & A £5 5
BLTE Light-ASD H B 7 28 & T 3001 , HAE AT 55 3
o T ARAGATAT 8 B B I i , A X e T s
JREH S 5
3.3.1 BV RE 5

A 3BT AS RIS HR A 45 % BE (4 5, LA

# BEP I A RO AR [ £ T, BAA W3 3, T LWL
Z25|, SERE 1Y) Causal-ASD B FE Fr A7 PEAl 7 br 13
BT H B BR TR AR F B PR R WA e 25
FOBRIVERE WoE T X R BRI 08 A &5
FHEFAE R R B AT SEPE . Ak, FSBR XA 51 4t 25
Hl S5 A5 R ) R AR RIOR | — 2D IR T IR AE 23R
T TE R 2% PR LA 1 9 A HL 92 A Be ) 5 T 1Y AT
Rtk

3SR
Tab. 3  Ablation study

Bt & Params/M  FLOPs/G mAP/%
S+ A Rl 1.02 0.60 93.08+0.03
By 2+ DR R BTSSR A il 1.02 0.60 93.41+0.10
A+ DL S 2+ A R 1.02 0.60 92.15+0.28
Hirfih i+ PR HE WO e+ 13 7 2 HUR -+ i a 1.10 0.90 93.63+0.08
s 25+ PR AW e 38 S S ML+ A s & 1.10 0.90 93.62+0.05
A+ DS SR A B+ 1 SR T ML+ R gl £ 1.07 0.90 93.31+0.06
iy i+ DS SRAE WA B+ 9 7 R D B+ 1 TR 1.07 0.90 93.730.12
i i+ DS SR WA S+ 1 3 2 AL+ D R e S 2% 1.08 0.90 94.07+0.05
S B+ DR HE TR e+ 13 8 R LR+ 1195 Bl X e 0 1) 2+ At 1)) 43 26 2% ( Casual-ASD) 1.10 0.90 94.23+0.03

332 REABNA

SR DT A 0T S Bl 2 ) R I 1 B
PEBCE AW SR bR R B Eoxh 32 B S R Ay
T RGNS, 45 F ] % (Learning Rate) 4
AJF I BE (Input Length) . 78 SZ 56 o F2 A, AL 2%
AR, AR IR & DR 35— 30, JFE AVA-
ActiveSpeaker S iE£E [ XYL BEIES TITAL .

¢t 2] AR5 Wi B WSS R R 1 Y O B
PRI B 6 J7 1 AN [] 2% 2] SRR RUE BE Y 52 . >4
¢ 2] Ak /N BRSO R D IR 32 R, S BOIEL
G2 HLARc 2P RE AN 5 T 24 27 2] R0k R, B R RE
D N AR L SRR SRR W], Y2 o) o
B 0.001 B, 55 B 7 i S5 B 5 A8 7 1 22 1) B
15 7 S A, JF 78 90k 4 F 3RS 5 = B mAP
(94.23%).

A JETR T AR A HH B B A P B 114 52
i) g AT S BE DR E T AR AR I Py 55 v n]
1 _E R SCfE BT . ke AR BB I AR X LA
R 5 s 3 Z RIS 55 &R, S EERE
TR G PO BRI 2 1~4 s, ALY I
J7HCH AL RE ) S G5 , mAP B 3R T, T AE 4 s
BF K S WA . E — 0 1 B AR AL TT 2 i fE B,
B5IATCAR BT SCMERE B, SRR RE I A

HAR I B, R 58 SR FH T A2 K B A
AL R AW LIS ARG 1T 7k SR AR K 7
GHEAT YN LA, R 8 0 2 4 AT 8 1Y) B I A
AE ) Az AP . AT A2 K i A SR M A B Ry
B il 3 Z2 FEAL R B B 250 A, DA B 23 LS
Yy Wb T I A BT R 1 23 A i 7 1) et
Ffitt— 25 HE TR FE B aE AN RS
333 THEESAT

T PR e e, TR B AR 8 o 451 T A
RULERHIE T 105 J5 0 AR i 22 ) 0 P A B, C U
ELHE RS R R n gl B SR Az Ak v fE .
INEY (B2 BT WACR AN 2 AT 3Z7 31 TR 24
B NS I 5 1717 32 R Y o (DU AT BE DR R AR 1 1 L —
EXQE S O N TR i 0 N o (T S 1 e ]
WHEERT o B I TE E HEAT AR G2 20 T, LAY TR AR 2 1
R X T 958 1) SR I o e LT

AR ICAE AVA-ActiveSpeaker B ilF 4 [ E 75250,
[ 7 AR S HORAS AR 3 T T8 o I LML, Y]
WE N[00, 1.0], 26K M 0.1. L5245 R an & 7 fr s
AR RI] S o B9 R BEAYPERE (DL mAP
R bR ) e LG T S a < 0.3, F R %
55 , BORUTL S MR T IR 22 R 1, S 3 M e 3R T A
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Fig. 6 Curves of different learning rates
w4 BSHSA T RLRAREAE 25 ] v 8 40 310 8 7, DT 4 e % 3 Bl i,
Tab-4 Hyperparameter experiment TSI ) AR B . e DL T T8 3231 il 0.4~0.6 XF
AR mAPI R ISR TH  0.9%~129% mAP, RilE T ki %
o o SRR ) XL P RO it /i ) 24
. 00924024 233 MU RBIR AL . BRI, TR SR b AR SORE T S
2 92.23+0.28 FERE N o = 0.5 M REE AR ILESRE.
4 93.26+0.08 334 STHRHF B S
6 92.57+0.16 Sk ik B X BT A ) 4 5 3R AR I S B v R
- S IR ELRRET 68, A3 AT BB B e R A
RN BEVEFR AR iz AR bR b T H 0 A4 e w2t
94.0 ESR BE IS R R X T SR B
8 JFEVEAS = B AR X 5 R, e LA
2 e AN
i ETR ™
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Fig. 7 The curve of intervention strength versus model performance
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PRLSRARE R ) 458 % pREC, TV, R 0 A AR 52 20 6
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4% RAEAEVN 05 W TA25E , W H i 455 E A
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o 2 0 3 AL
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