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Emotion Recognition Network with Asymmetric Attention and Dual Pooling Screening
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Abstract: To fully utilize the emotional relevance between facial expression and body language, and to suppress the re-
dundant information of non-emotional key frames, an AADPS (asymmetric attention and dual pooling screening) network for
emotional recognition is proposed. The proposed network consists of an intra-frame spatial fusion subnet and an inter-frame
spatio-temporal fusion subnet. In the intra-frame spatial fusion subnet, an asymmetric attention mechanism is constructed
to capture the potential spatial correlation between facial expression and body language, and to hierarchically obtain the
geometric semantics of body language guided by gesture cues and the intra-frame emotional correlation semantics guided
by facial cues. In the inter-frame spatio-temporal fusion subnet, the average pooling and max pooling operations are used
to generate the video-level emotional semantics and measure the similarity between the video-level emotional semantics and
frame-level semantics. Meanwhile, a dual pooling key-frame screening strategy is designed to suppress the influence of
non-peak frames. The experimental results demonstrate that the AADPS network achieves emotion recognition accuracies of
94.95% and 88.69% on FABO and CAER datasets, respectively, representing improvements of 12.22% and 13.49% over the
baseline network. Compared with the single-modal methods based on facial expression or body language and the multi-modal
methods based on the fusion of two emotional cues, the proposed method exhibits superior emotion recognition performance
in complex scenarios.
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HME 5 (30 i v 89.28  84.95

A3, H LA ResNet-504+DSTA-Net A3k 25 [0 2% 52
DUIE Ry 25 HAh SR WS 35 DATHI 3B+ B &8 A f N,
Hodp, SREE 1R LA X IHLH] 2T (Cross-
Attention, CA) 52 JiL [ &5 S0 HH 457 1iF % 148 25 1 T 34
R AE ) 51 5 KWE 2 K CrossViT & /¥
1) OV Sz B T 4 S0 R AR o 28 25 T 3 IR AR 1)
5l G ERE 3 R AAM SEIL T2 R 0 B A
515 KNG 4 AR AAM 58 BRI 3B S0 AE 0 %8
BT HHFBFFAER 5] T g 5 R A& T
I e AAM SREUT P9 1% BOCERTE o 7E 5E 28 I 2%
(1) 4 FhASEE N J7 2, T+ B 481 A R
AER 2 d i, BT+ 55 R0 A 2 v T T
RS IRA 7. X— RS ZRIELRGE
A BN SR R AG (S S, AT B 4 b S 175 Btk
s B UL FHRE SRR ERRIL EIES
AR 5 DA 4 5 18 i N 1) 5 28 I 25 A
b, ZRmE 1 FISEmE 2 43 5Kk H CA FI CrossViT #l
1) I B THT 3508 S0 35 A5 AAF o) 438 75 F0 - 35 G B R AAE 1 5
S, 7£ FABO fil CAER (¥ 4 b (1) 155 B 1R 1) 1 1ff
BRONHEE T 0.98% 1.47% M 1.13%. 1.62%;
W% 3 SR A AAM SEILF#AXF LA M5 S, 78 FABO
FI CAER #0548 b 1175 R il #E 1 2 40 0l 2 1

2.44%. 1.99%; TEHE 4 JIRH AAM SEHLTH S0P
FRIEXT ST A R E AT 51 5, HAEHA
Bl EIHERRZE SR T 4.61%. 5.01%. 1X
Ui B 1 AAM WL BE S 7E B BB R R P R
HFHANG FIEM, E2EESERRME P RIER
HRBERERSE T 1. 20 4 FFERH THEE
FIAIL ] S B THT 350 S0 HR AR AE S 25 25 R0 34 B AE
5] S, (HAHETHEE 1. 2, 508 4 £ EIE

£ FHER R B TE T 3.63%. 3.54% 1 3.48%-
3.39%. X F WL AAM HLEI AL 538 X
JIHL B % T8 L b Al IR A [ 1575 a2 2% 1] (00 A DG k.
A TR B — AAM [SENE 3 FISRIE 4, SRIE
5 KHMH AAM 73 2RIV F AL RG] S H %
B LA 15 SR DATH B 2k % 51 5 10 Wi ) 1 B O G
X AR B AR A B R R R R T
4.11%. 7.76% 1 1.94%. 4.74%. 3% 15 B #) 22 () i
P 72 [ 251 T i 8% A R0 P T B 3R 1 A0 B 45335 (1)
TLAMRE, B T I BOCERE IR TERE
232 Bt ok BEMTTT 1 SR AE X PR 4 1E R IR B M BE

Eop=Al

NT U BE T B Xt A S B o G 3 SR ot
AADPS ¥ 2% 175 18 1 1) 1 B8 1 52 W, A Sy B AE
FABO Fll CAER %0455 1 ¢ 1H A [7] 5 B i 05 12k 5% g
ML sEas, Wik s Fios (RS H, KREINERN
ML S A K AH D% i i SR w3 25 Lo ). 53
2k M 2% (ResNet-50+DSTA-Net) Z5LL, ZKEE 1 %A
3D-CNN 8l - DSTA-Net H. 2 ffi 35 5 N AL AT I A AE
HH AN 2 AR AT J5. TRIE 2~5. SRIE
6~9 FITEHE 10~12 735l 7= £E Wi N 25 [R] R A1 1Y
R N CA. CrossViT FIEAEXTRRE R AMLE], HA,
FEE 2. 6. 10 AR A SCHEMITITEIL HE0G s S 3. 7.
11 TR AR FH 1 2ot Ak 45 1 7 36 1 26 S 38 ol 3R
BE 4y 8y 12 N TR AN R F e R A0 vk i e 155 Jek Y
M HEE 5. 9. 13 KR A SCHE H 1) DPS 5%
W O I 1 R . SRR A A L, SRS 1 X
BAARA AT 3, HAE FABO #1 CAER
s E o RIE S T 0.96% M1 2.04%. F
L5 R Sy H 2 N 488 ANAE 23 1) b gk AT R AE s
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KR AR R T 18] R I A5 e I B3R BH 78 4 ) A ot
) bR 3045 B REAE A 2 T I 28 1 17 B ) P e
FEAR N CA HLHI SRS 2~5 Hr, DA HEAT 5
5 3 ) SR 2 AR 3R 2R, R F P S5 A B 1
NS BOCEGE LSRR Z B —
PRI SRR 3 76 PR B0 £ b 1% Bl HE 1 2R 40
BT 3.35% 1.28%; SRIE 4 K FH o KAk 45
PETH ST 9 5 OSBRI #E A B = =
P, EPIDN AR R ERE BOR AHER 0 il i T
3.58%- 1.34%; #2HiH) DPS %ng (5Emg 5) HT7E
R B 17 I S 35 U [T B 500 B T K ) AR VB ot [
UG TE A B8 G b 4% SR ) T A R B v T
5.52%. 3.70%. FEAChR), FEMTPN 25 (8] RGN H ik
N CrossViT K AAM L], AN [R] i 4 5w 5] 1) 14
e EIAHFE A XU T 32 H 1) DPS HES AL
TR FH P 35 it A B e R A 45 A 1 3 155 kI 3
i 7 2, R AR R IR SR R, SR
AAM HLHIIL T oA 22 S = L.

5 RGNS N AADPS 2% (¥ 15 AR i g
Tab.5 Emotion recognition performance of the AADPS
network under different key-frame screening strategies

N EE 3 10 S s HERAZR /1%
LT T e s B

FHmie oKtk FABO CAER
LR 4% 82.73 75.20
M 1 83.69 77.24
Mg 2 83.71 76.67
HEE 3 CA) Vv 87.06 77.95
HHE 4 V 87.29 78.01
s 5

2 )
(DPS) Vv V 89.23  80.37
% 6 83.86 76.82
TRnE 7 87.42 7821
CrossViT 3% v
HWE 8 V 87.51 78.35
M 9
(DPS) i v 89.57 80.43
g 10 89.28 84.95
HemE 11 Vv 92.88 86.31
B AAM
G 12 v 93.23 86.97
g 13
4. )

(DPS) Vv v 94.95 88.69

MRS AHEL, ASCHR H ) AADPS M 2458
IR N AR TR 7 9L A 5] NSO A S i 5
e EmE, 7E FABO Al CAER ¥#5 4 E oy wlik 3] T
94.95% F1 88.69% HITRAI AR, HRIEEL W %I m

T 12.22% F113.49%. 3X Ui B 42 H 1 AADPS W 2%
— 5 THI 3 e A4 2 o AR R FI ML RN 5 4 5| 5 45 4
SEHUMT 15 EOCIATE X, WG OR 1 TR A A B
AFL R TAME L RPTTHEe ;s H—Jm, X
FH R A S T 7 126 S s 4 0 o (] 155 ek 5t 35 7 S
P 7 AR TS B IR
2.4 AADPS MBI EMEEED T

JULEH AADPS W28 TSR, o algiit T
ANEER SIHLE] (CA. CrossViT. AAM) M AN[E ¥
UMM HE. AU EIRE (FLOP) LK TE
PSS B BN R Ta)s AT ) R 10 4 e
WMz 6 frax (7 0 Rz AR AT I 2k
D, HER 6 AT, 5K A ResNet-50+DSTA-
Net [FJFELE 25 M0 L, 36T =5 — S 3k 11 3D-
CNN-+DSTA-Net ¥4 7E FABO fll CAER #{# £ I
IR HE B R AR 1 T 0.96% 2.04%, HHZH
&= fl FLOP 437 1 3 K 1 16.23E6. 22079.96E6,
H 7 FABO Ml CAER %4 4 L (1 Il 4 i) K F0
AR K 4 A3 0 7 0.73hy 5.1h A1 0.39 min.
0.64 min. Z56 75 FE U RE SR RE, ASCR
Fl ResNet-50+DSTA-Net {E AFELL M 45, 5 F2k M
2% +CA+DPS LA H 28 N 4% +CrossViT+DPS [ J5
FAHLL, AADPS W45 75 9 AN i 5 H 4 IR il
HERRZR P HHRE T 5.72%. 8.32% F15.38%- 8.26%,
B4 &, FLOP DA R AE M A4 byt E T
BRKE D, BhAh, ENRATERE T, AADPS M4
FE PR AN £ 1 23 531 /N T 3 min AT 30 min,
FRUSRE P 5 AL BRI (8] 43/ F- 0.8 s, X VLR HY
(1] AADPS M 4% RE % i /& 52 A 3 5t T (1) S I 14 R
Ko
2.5 BESEXIMEHMEEESZ

29 U5 I XSt A, 5 i 77 s 2 S G ST B
Xf AADPS W 4535 A Re r sz, LA 3 AR BE 5 Al
Giil T H ) AADPS MR TE n € [3,24] [8] (115 &
WUHER R, W 4 R, fEE 49, Hn<6 i,
i 16 1) S AR FE A, e SR A ] B s A R AR
B = BN TE R 2 R SUE R, HAB BRI Ze R
iK: 2 nel6,12] I, Bl XU A 50 B ot 9 G SFE g
TR B 1 B35 Wi R I, 1 BRI HERR 2
FH#a%s; Mo =12 W, Gk i o< 8w 51 B 05 5
U B R AE ARSI B B BSR4, TEPIANEE 4R
RO HER R A B T VEE ;s MIBEE n RFELHY
K, VA TG PR 17 TR 5 3 it 5 N K O £ o 1)
TURAGE, M FEUG SN R 2N .
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Tab.6 Computation and recognition performance of AADPS network
- SHE 105 FLOP /106 WK/ PR /min - HETRR /%
FABO CAER FABO CAER FABO CAER
CA™I 2.13 423.82
CrossViT B 2.34 435.25
AAM 2.61 443.19
DPS 2.93 287.34
3D-CNN+DSTA-Net 58.16 561,317.41 7.89 7435 292 2735 83.69 77.24
FLE M 4% (ResNet-50+DSTA-Net) 41.93 539,237.45 7.16 6925 253 2671 8273 75.20
FHEZE N 45 +CA+DPS 57.19 558,306.78 7.65 72.01 2.81 2682 89.23 80.37
HL M 2% +-CrossViT+DPS 57.21 558,357.94 7.69 7223 285 2689 89.57 8043
AADPS (A30) 57.82 560,667.03 7.83 7324 290 2697 9495 88.69

RT ARHRE R AL 5] FRCR AT AR R

Tab.7 Visualization of the guidance effect of the asymmetric attention mechanism
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Fig.4 Effect of the number of key frames on emotion

recognition performance
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Fig.5 Visualization of the dual pooling key-frame screening strategy
HAAIHI TUARE BT W& 7)) *, 1 # 8 KT FABO ¥R Ik

B RAGAF A WAL FR, EHER T 8=
TH S B RX — R R T B, £ 7(h)
HOTE BRI T4 EAERER . IR T
g R, B AR B ML SRS I B LB L
ALREAE Mt A BORERAE S, MR T TS F
PG R EXEER, I BLAIR T T R A5
Y LB W 2 1] A D

ARG ERRIES RS, BERIH P —
WO — VE(E — RS — FE s SRR, W
b, PUAEB B 46 5 2 R B B B B R BRI %
5 P () SR DA 1 U0 B R H TR R A DX B o 7
TS A 35k, ¥ Fear 15 88 BL IR 077 ik RUR 3R AT
AIAALAREE, WIEE S Brm. 7EEE S, ek B RIRE
AR RGN AL AR 43 ) 2 7 i N ARSI B1) B Rt L B 1
SRR, AR BB AL R RO AL KR 73 53 R R AN [F) 1
R L R K. W S ATLLE H, Fear
IR B B VR AE R BE DL B W AE W 43 Sl bR i N
B~%W\M~nmu&%%WLmﬂm%%%
I 7% 32 SR S FEE R P % i 17 U I 3 P R S A v 4
FEARLRRF—2, Hr 23~25 i, M~nwmmsw
1 B R 35 FE ¥ AE 80% LA b, HLAE N BOSS By
BRI 23~~25 Ml (18] 175 J8% J 355 58 3z 1 T 41 Dy S B ot 17
72, 88 1i. BbAh, P S AILFRIRE B R Z M e
1 A b N AT 5 R Fear HL R 51 E B 2% i A

94.30%. 1% 3 B HE H AR XUt A 5 B o 7 12 SRS e %
R ROE WL NS SR UL RS BT
o

27 MEXRFEEE

NULHH A L AADPS W48 f A ik, 3E— 251
FABO #i# 4 I 5 CNN+LSTM B, 3¢ [22] J5 ¥
X [32] ik X [33] JiiE. BDFEIPR4, CMEFA B3
EINERAT AR, BARLE RNk 8 Fis.

Tab.8 Comparison of related methods based on FABO dataset

Jiik FEHEH HERIZE /%

CNN+LSTM B! 2021 94.41
3 [22] JiiE 2021 93.40
3 [32] J5 ik 2022 84.30
3C[33] ik 2023 94.79
BDFEI 34 2024 93.09
CMEFA 131 2024 93.58
AADPS (A30) 2024 94.95

e 8, SHXTEMEE, AH AADPS
W 2% /£ FABO %48 52 HU A 1 e A 1) 1 SRl 7
o B AAE FH TH ARG VR i NS [32] 7
tt, AADPS MZE{REE T IR IG. BAENMTFH 3
FN AN RRAE, FLAER R T T 10.65%. S5 H
PN RN AN A S R AR HEAT R AE R A 1) CNIN+
LSTM BY, BDFEIPY J7iEAHLL, AADPS P45 fix A\
TR = WU A T T 2 15 A0 By S5 AN R 1
IR R EAMERA, HAEFR AT T 0.54%.
1.86%. 5% F BN v Btk AT 130 36 1 A 8 4
Rl 1 3C [22] 735 DA B Rk RS — R AR ET 2
— U MERI ST [33] A EL, AADPS R85 N Wit
A ST 0 s, HAERRR BB T 1.55% F
0.16%. 33X 1t B £ t (1) 75 106 52 B BE 08 ok /N 1% K 3h &5
A A o - B BRI B B AR DB T K R P
BT 58 — IR Rl G X 45 1) 22 BLAS 1 4 SRR AR R 6 X 4%
CMEFA 351 #HEL, AADPS [’ 4% 1) 175 86 U il v 1f %
T T 1.37%. XKL WA 73 2Rk G
2 DL i [ S50t A G B o 7 e SR, — 2B M5 T
T 38 3 15 A B A N 2 R AAE 1) P 1)

[EF, 9T 368 AADPS W2 [z thhg 11, A

—DAE R S I S 1 R S CAER L5
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Tab.9 Comparison of related methods based on CAER dataset

Fik Ly ¥ £ RHFES R /%
. R R GCN CAER-GCN [0 2023 81.66
BT USRS IR RN 12 o
GCN+Transformer ~ Graph-Tran [1% 2023 77.06
CAER-Net 128 2019 77.04
CNN Zhang 37! 2023 80.10
MSCNN B3¢ 2024 81.20
S il A g SR T GRERN 2% 2021 86.73
ETZHRARAOWEIINE  aen

CMGCN ¢! 2022 87.23
CAHFW-Net 3] 2023 83.76

CNN+Transformer .
AADPS (£30) 2024 88.69

BRI T 15 DA I T AN [ 28R 1) 2 RS 7 AT L
B, WK 9 R, (R 9 MU TTEF, #T GON
CEIGRRP 4 SEEH R 5 RFIE ) CAER-GCN )
PL K 454 GCN 5 Transformer 4 3K 11 58 J LA 440 1
Graph-Tran " (1) 185 B R 1 HE T 22 7 ) 14 2] 81.66%
M 77.06%, (HE KT 2SR/ EGHTTE XK
B fil A5 THD 350 R4 A B BB 2 RS T IE R R
FIHMRLE R B IAME S, e E BRI A
Rtk T2 BISRE 7%k F, MSCNN [ 4 30 5%
£ it CNN 45 i & 3 48 N sh 105 BB RE
B BUE T 81.20% KT AR HERR % CMGCN
P 25 161 76 % F CNN $fi 3745 85 B B 5]\ GC-
N g g4 & ae 71, IRBIHEMR R — BTt 2
87.23%. 5 bR R HIMLARAE Ju ki AN ) W9 28 AR EE
Zhang P74 £ 5= T 55 B 1 55 A5 BN (1) 452 ok I 4%,
15 AR S AERA %5 3] 80.10%; CAHFW-Net [ 4% 138
10 S A AT b R R A R SR A 5 S A TR R A O
M, WERIFIAE] T 83.76%; EHIKEL, HT GCN
A1 Transformer B A5 58 K (W) B JF i 3k Ge 7, DL b X
F CNN4GCN/Transformer FfJ [# % [16:20.381 - H 7% 5K
RS B AR T A M 45 (HAHSE H L= £
RS ACHE RS, H 228 T JESCEmiE BT R
oM, S EURE BOR P RE N KR H ) AADPS
%, HEH I AADPS W25 DLTH B S0 SRS FTF
BB RN, R 1 AR ARVE R SRR
HBY 2308 JUATRHAIE, 7R 3R T35 5 A5 1 S Sk
PRI 7B PR B T F AL R IATE X b, F
F 2 G AEX BRI B AL UM P15 1RO R TR S
HE— 2B EET T WA TR A R B A AN A 26 R 1
FLAME; R, 51N A SR it 7 32 5% w4 3R ot
()17 B2 2 15 S, BROREA T R IR B35 i, A1
B R 2 AU AE MR 2, AR SRR 31 A 1k 3
88.69%.

3 245 (Conclusion)

RNIRTHE 243 5 N IS IEGR A RE, SR — R
FE T AR R = S U A I ) BRI 4. 7
Mt P 7 B kS R e, R SRRV B AL A
G 5| T G AL F R T A5 N By S 10 1 R DG
AT ™ S AS ) 47 R R 2R () E . 7 o ) B 28 i
TR, BT X A S BT 7 126 SR B R A% U1 K
323 BT 0 1 R T, DA o) e ot (1) 45
B4, £ FABO 1 CAER MARBUE£E EyE T Bt
PE SIS IR F1E. T3 FL A, HERS5E
fabr, Gt TR S 4E,. FLOP %11 H 15
b, FEIF IR T 9 I D B T X 15 R T T A 2 1)
sl s[RI, Wit U E BT LR RS, UE T iR
(1 2 R 9 2 ML Ak DA B X b S e i 5 3 5% % 1)
AR, FERT A AR B S AT I 2 R
177 Ak, SEEGEE LB, 2t 45 7E FABO
AT CAER 45 4 b (1175 B 500 v B 6 43 IS 21 T
94.95% F1 88.69%, HiIELE M L3 HIFETH T 12.22%
FI13.49%; SHIEITIEML, $REMINEER &Y
50N BAELGFEBGR R AT, ERARTR
W, H P B i e IR RS S TR 3R AN ]
G dth G FUH A EA G Bk WS BAMENL
5] N2 2 A BN A o 2 N — 2B I A
TAE.
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