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Spatiotemporal fusion network for facial action unit detection

Huang Hailin, Wang Jiajun

School of Electronic and Information Engineering , Soochow University , Suzhou, Jiangsu 215001, China

Abstract: Objective Facial Action Unit (AU) detection is a fundamental yet challenging task in affective computing and
computer vision. AU, defined in the Facial Action Coding System (FACS), corresponds to the subtle activation of specific
facial muscles, providing objective measurements that reveal human emotions, cognitive states, and mental health condi-
tions. Automatic AU detection plays a critical role in a wide array of applications, including advanced emotion recognition
systems, non-intrusive mental health monitoring, and natural human—computer interaction. However, despite significant
progress, existing methods face two primary limitations. First, spatial relationship modeling often relies on fixed, pre-
defined priors or learns only shallow feature correlations. These approaches are insufficient to capture the complex, non-
linear co-activation and antagonistic patterns inherent in facial expressions, such as the synergistic relationship between
AUs during a smile or the mutually exclusive nature of certain brow movements. Second, temporal dynamic modeling typi-
cally depends on computationally intensive techniques like optical flow or manually crafted constraints. These methods are

not only prone to noise and tracking errors but are also difficult to scale for real-time applications due to their high computa-
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tional cost. To overcome these issues, we propose a unified and lightweight spatiotemporal fusion framework for AU detec-
tion that jointly captures intra-frame spatial dependencies and inter-frame temporal dynamics in an efficient and scalable
manner. Method Our framework employs a ResNet-18 architecture as the backbone to extract robust per-frame facial fea-
ture representations. Building upon these features, the model integrates two core, lightweight modules: Spatial Relation-
ship Modeling (SRM) and Temporal Relationship Modeling (TRM). The SRM module leverages Graph Neural Networks
(GNN) to explicitly encode intra-frame AU structures. Instead of relying on static priors, it dynamically computes pairwise
AU feature similarities via cosine similarity. A Top-K pruning mechanism is then applied to the resulting graph, retaining
only the strongest connections to suppress spurious correlations and ensure a compact, interpretable, and efficient AU
graph structure. This dynamic graph construction requires no additional anatomical labels. The TRM module focuses on
temporal dynamics by first generating motion-sensitive features through simple frame-difference operations. This step effec-
tively reduces redundant texture information, highlighting regions of change. A temporal GNN is then applied to these
motion features to propagate information across a sequence of frames. This allows the model to distinguish transient noise
from genuine AU activations that evolve smoothly over time. To integrate the complementary strengths of spatial context and
temporal motion, we propose a Spatiotemporal Feature Fusion (SFF) strategy. This module concatenates the features from
the SRM and TRM branches and employs an adaptive attention mechanism to dynamically balance their contributions on a
per-instance basis. Finally, AU recognition is performed using a cosine-similarity-based classification module, which is
robust to feature scale. A weighted cross-entropy loss function is employed during training to effectively alleviate the perva-
sive class imbalance problem by emphasizing the learning of infrequent AUs. Result Extensive experiments were conducted
to validate the proposed framework on two benchmark datasets, BP4D and DISFA.  The results demonstrate that our
approach achieves state-of-the-art or highly competitive performance while maintaining low computational and memory
costs. On the BP4D dataset, the model reached an average F1-score of 66. 00%, outperforming recent methods such as RE-
Net and AC2D. On the DISFA dataset, it achieved an average F1-score of 65. 34%, closely approaching the best-reported
result. Comprehensive ablation studies confirmed the necessity and effectiveness of each module : removing the SRM mod-
ule significantly impaired the detection of weak or infrequent AU, removing the TRM module degraded performance on
dynamic AU recognition, and removing the SFF fusion strategy reduced the model’s adaptability and overall feature integra-
tion efficiency. The synergy of SRM, TRM, and SFF was essential for achieving superior performance. Notably, the frame-
work excelled in detecting dynamic AU such as AU6 (cheek raiser) and AU7 (lid tightener) , demonstrating its particular
strength in modeling temporal consistency and motion patterns. Statistical tests further verify the significance of our
improvements over baselines. These findings highlight that the model is particularly robust in handling varying illumination
conditions and subtle expression changes, showcasing its strong generalization capability for unconstrained environments.
Conclusion In conclusion, the proposed spatiotemporal fusion framework effectively integrates spatial and temporal model-
ing to enhance AU detection accuracy and robustness, while maintaining a lightweight and efficient design suitable for real-
world applications. It provides an effective solution for AU detection in complex, dynamic environments and shows strong
potential for deployment in affective computing and human—computer interaction. The model’s ability to dynamically bal-
ance spatial and temporal features based on the input context is a key contribution. Future work will explore fine-grained
local feature modeling around specific AU, multi-scale temporal fusion strategies, and the integration of multimodal data
(e. g. , audio and text) to further improve generalization and performance in unconstrained real-world scenarios. We also
aim to validate the framework across diverse demographic groups and clinical populations.
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AU, M\ DISFA H i #% 8 4~ AU HI T ZRFNPEAl . A
SCR ] = A 28 SRR SRS, B DRI 2k A Al il A v
MR AR S, 5 T T, 47
ML, PR = I FH4ME .
2.2 AT

JUT AT I 50 0 6 A ) P 1) e - ik
17, LA AR AT ek . BEFF- 55 4345 NVIDIA GeForce
RTX 2080Ti GPU (11GB {247 ) Fl Intel Core 17-9700
CPU, B {F 3155 5L T Python 3. 8 Fl PyTorch ¥ 2% >
HESE,

eI 253 T 30 R 0.9 HIBEHL S
R DAL FRREC 16, A/ A 2, S A fE
UIZET 240400, B IERTE 2 S K i 55
TR SR 45 R e AR 3 S0 30250
3% AT

O

1+ Cos(zo) .

7 (7)

Ir, = Ir,, X 1 _7)+7

Hrp, o BRG]y REWH T &K
B WM R e, My BE R 0.01, A
(4) A 4 s L R e BUE R 1
2.3 HERSCIE

ST 53 B T R AR A OR TR GT AU R
RERORZIR , 75 JC7E BPAD $0da4E L kAT T 1M Al SE 5,
FHEARR LS st R ilb AT TR T IPAl B 2
BRI AU KA (52, 76 BP4D 4L 117
i T AL AL A ) AR | B[] AR B L K
Af 25 Bl B TR AR TR Xof Tt/ 23 (] AR He ki
] SRR B (P A AR | 3k B S Bk GNN At AL 2 B
UL BR 7 B 0 i 28 RS, IFK 45 S B Hz % A SFF
B %k T I s 5 A B (R AR Y, SR FH e 1] PR
1) SR, BIVKE 23 T] 4R F 5 I TR] R AE A I S B 3 A
ACM KA 74524 . PS5 SN 1%, Hirh <V
X7 43 90 F s A T A1 B 55 N 0 B AR R B
FEME

F1 ANEERIMREE RN (FEAREE (%))
Table 1 Impact of different blocks on model performance (mean = std (%))

LR TRM SRM SFF F1-2M W SHE FLOPs
1 x X x 63.560.55 75.89 + 0.33 11.69M 2.382G
2 N x x 64.20 0.95 75.78 £ 1.95 13.02M 2.489G
3 X N x 64.34  1.18 76.67 +.0.35 13.02M 2.489G
4 x x N 63.67 + 0.75 75.97 + 0.65 12.75M 2.483G
5 x N N 65.04 + 0.88 7677 052 13.05M 2.489G
6 N x N 65.11 +0.72 76.69 + 0.67 13.05M 2.489G
7 N N x 65.36 + 0.34 76.37 + 0.41 13.28M 2.495G
8 N N N 66.00 0.64 76.74 £ 0.70 13.31M 2.495G

T ML R R e U 2, R BT R U 2R B X “ B (e m vl 22 ™ 6 T 3 258 SUSRUE O 45 23

W 1R, E e R LR R SR R, 2 25 ] 4
A8 IR I7) S A KRR R 5 AR TR 5 AR, A 24T

M T B R AR BT 2 5 e, LR BB ARG, F1 404K
1A 63. 56%, e R L 33K 75. 89% , K J5 L2 Mz
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BETHERE T IR LR, 20 5 5 4 A — M H i /R T nT
P& B : 5] AR R B P 1A B0 T 2 64. 20%,
{H V= A R B A ASAR | 15 B ] AR AU AG A —
FER B (HRFHAR . M2 R, A S (8] A5 e 5
KT AR RS PR TE 2 64. 34%, HERT R
FHEE LRI = T 0. 78%, & W AU A6 B8 4% 5t 1 i
IS DX I8 ] 19 2 T A G R o AN 5 | A RRAIE il B S R
FEARA ok 2 0, HAMERE S BEER LA, U R
TIF Bl A RS B0 FE T s 25 SRR AIF AR A i ke P 1
o TS RHIE Rl A BRI R 1 M RE S TS B
5 AHH T B S80I FLOPs AR A1 H #6301 T 5L 2k
B XU R AE S B R B TR AR A 7
% ) AL B I () AR 45 R RE LA/ NI 0 T4 46
WURSAE I PE BB AR T, DR G 7E 3% (AR HE B v AR SR J& A 1]
ol B Y 4 B 43

b2 b 254 AR BRI A W E R T
1T 5(SRM+SFF) 1E Fl-score | e 2% , AL
MR 25 [A) A5 5 Rl 5 SR X AU Y A IR AN

. R 7(TRM+SRM) (1 2 Bl i 1 | X R W 7E
AU R e [R] s 2 8] 45 25 s [R5 B A T
B 1A | BE A% R THASE Y (4 0 Il g ) 5 R AR
AE. (EAHERLMJE, SFF 5 TRM/SRM B L & Y REHY
RMEREFETY , BIE T R AE Rl A X s/ B AR TR 1Y
AR, 2 =AM S A BERLYE F 1A%k 1
IR f A, IR AR T T 2. 4440 o A HER R
WARFFFE R Ko R RS T S8 S5iME
AN A R A L IR N2 1. 6M S HURN
0. 11G FLOPs, ik B 7 $2 th HEZR 7E M 5 208 Z 4]
WS T R A0 A

W 2 frR |, 52 B RIYE F 1A BORNERG R 1 (1)
PERE > BIAE T 66. 00% L K% 76. 74% , ¥ HUS T f
FERRPERE , B AR 20 501 22 B 4 A B 19 0 vl
AR o 3 78 43156 BH 128 ) 5 ZR HEAR | Ao ] G AR AR
LK i A REAE il =38 I P IR VR FH G T2 T AU A
M fERf R EE . DU R YERE S5 A4S AU
A Z AT 7

MR PERERE , SR AV T w/o SRM . w/
o TRM F w/o SFF =ANMiA A B B2 T+, B BR
SRM i, F1 70 B0 F B 265 11%, HEH R F 2
76. 69% , 156 BTN AU [8] 118 A8 H G T8 Bz S
Haom e 2 OCHE 2, I AU6 5 AU12 Z Ja] iy 3
PG R . BB TRMIEL, F13 80T FEE 65. 05%, ifE

R 22 76. 77% , iX 22 B Wi sl & — Btk 2R 7
A T AN T B, R ] R 5 R B R ] 328 5 14
SR AU, W AULFTAUT, MRS BR SFFALHT , F1 4
BT R 65. 36% , fERH %R 76. 37% , vk AR
A 3 N A SR, 2 8] 55 ) B R I P4 AR EE X DA
I BRI 8 B e RV N SR S 724 (= SO 27N
M, SERA R P S5 A =3 IE I T ) () B
L

AR AU ZRHIRTE , SIATERRAT AU, U1 AU6
(B E ) I AULZC R B ) , SE 8RR F1 49
03 935 5 82. 27% 1 68. 54% , B WAL T w/o TRM
5 wlo SRM UM . iX i HH TRM REGEAT LR 2 &
AU TE B [B] 4t B 1 i 28 AL B , 1] SRM ifF — 2538 1o
T PN R S P 3 5 55 15 5, — A B A AR A A 4 4
it P 28 AR A rh SRR L . ARAL T 838 AU, #R ek
W 5 3 /N R AU FE S SC A 7R v R SRR XA R 491
WAULEBANMEE AU JEBIMIEE. F13%
43 ) K 52. 65% Fl148. 18%. X & AU AR AL Iig /) |
555, RE S Z DL BEE T, UK =
[ B AR DL e A ff e . AHELZ R, DR EA T SRM 11
REAIFE XSS AU ) 2 AR X S )G, LA ok 5 T
X AU B AH OGP iy 8 g A5E , RITE 2o 38 AH G AU 1
SRS AU BRI

2ROk IRATMAIR] /A EEXT TRM 5 SRM A
Gy T i D B SR SL I A BT o BE X TRM A
e, ATHE IR A B TRM 25 44 85 49 4 B3 o ) Trans-
former it 2% , DLIS 1IEJE T 22 43 1) F e L A5 3 s 2
B TERHE R 4 ok B rpog | A | ok S SO
B YAERRESR, #id 5 Transformer I 7 @45 )7
SO EHEXT L, BT DU VE b Al TRM £ 8 245 2
B LA RS A EE . BT X SRM R, B i1k
— % H T GNN. Y Top-K 4RIk S B0HAT T RSk
(4 Fl S 58, 2 BT AS ) KX ASE R BB R 520, 3%
S 5 E 0 UEASS Y X &P Sa AR () AR | S 1 B 7
AU MHOCHE R FE rh & B K B a0 o] 76 4 42
A BRI 5 B T A e 7S 2 B AP

GEAERIME R T UL, AR AU X
J7 A A5E  [1] 5 2R AR P RS A A i 25 5
P DL LR 3o £ 5 8 3 A& AU6LAUT,
AUIL0 A1 AU12, GNN A AIFE F1 4050 3R F ok
B/PAE T Transformer J7 5% o X F I, TRM i i 22
3 A I X 220 T AE AP 2 8] 1432 s AR Ak, 7 58 H i
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B— R R B M RE R R0 (F A EAREE (%))

Table 2 Impact of single blocks on model performance (mean * std (%))

AU

e A g wShE Model
)

AUI 56.04 092 51.74+0.24 55.93+0.43 52.65 + 0.80
AU2 46.22+0.38 45.93+0.65 52.82 035 48.18 + 0.25
AU4 6425 023 63.79+0.88 60.94:0.86 61.15+1.24
AUG 75.88+0.59 76.11+0.29 81.67+0.39 8227 005
AU7 82.02+1.40 8237 0.61 78.55+0.46 80.97 + 0.34
AU10 85.10+1.93 84.94+1.00 84.45+0.97 89.55  0.81
AUI2 87.43+0.66 87.25+0.93 87.52+1.02 88.02 0.78
AUL4 66.55+0.95 64.18+0.52 65.09+0.36 68.79  0.09
AULS 43.92+0.29 49.40 0.17 44.37+0.71 44.44 + 0.68
AU17 67.72+0.14 65.94+0.29 66.07+0.98 68.54 0.94
AU23 48.4120.71 5433 033 49.41+1.03 50.00 + 1.02
AU24 57.01+0.93 55.36+0.47 5850 0.22 57.39 + 0.74
Avg 65.05+0.26 65.11+0.17 65.36:0.21 66.00 0.64
AU Model Model Model

%ﬁ o w/oTRM w/oSRM w/oSFF Model
AUl 8249 0.85 80.74+0.41 81.28+0.51 74.28 + 0.48
AU2 78.330.49 72.28+0.83 80.85::0.49 81.19  0.29
AU4 80.89+0.37 83.99 0.45 81.78+0.97 80.53 + 0.60
AU6 74.25+0.70 75.85+0.58 71.54+0.53 77.10  1.10
AU7 7771 1.03 74.89+0.84 68.95+0.59 74.64 = 0.91
AU10 79.55+1.72 82.18+1.11 79.831.20 84.80 0.84
AUL2 82.39:0.82 82.32+0.78 82.09+0.77 84.50  1.49
AUL4 57.19+1.18 55.070.78 57.91+0.46 5931 L1l
AUIS 73.27+0.44 7371 048 72.69+0.62 72.96 + 0.27
AUL7 70.96+0.25 69.21+0.39 71.61+1.02 7314 0.02
AU23 81.4120.81 85.11 0.61 82.06:1.22 76.32 + 0.65
AU24 82.831.20 84.91+0.55 85.82 0.48 82.15 + 0.70
Avg 7677 0.26 76.69+0.20 76.37+0.23 76.74 = 0.70

E ORLEOE s e U4 2R, T R Fom RILAS SR, B 208 “ B e bRl 22 7R LT 3 47 2 SRR A 45 R LA L who 7R
FEBRAR AR

[AIAERE - A Jey i sh 2545 8

Ty EA B R
PRIIME T , Transformer 5 GNN 7E F1 7048 F =
AT, {H GNN BB AE 22 Y52 30 v 1 A o 22 g A, 6 1]
HAE AU LR BT 55 th BA T4 i R e Pk o 641,

A

TEPRFE 1 i AW R i 2% R 8 — B A2 T
GNN J57 RTEZ 4R 518 2 % Jr i B E (0T
T Transformer [ i 7 224577 20

L5 0 AT A Ak 235 5, AT Lo Rl 4
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R3 FEZWIRE TEBMEREX L (FHEAREE (%))

Table 3 The performance of different settings on model performance (mean + std (%) )

AU Transformer CNN AU Transformer CNN
F1-43% (Base) W =R (Base)
aui rye s aur Yo Soas
AL2 fg:;; 4818 025 A2 85('3;9 18(;.213
AU4 jggg 61.15 124 AU4 ;gjg 8%§;
AU6 ;3:;172 82.27  0.05 AU6 80?;2 1717..11 (())
AU7 jgﬁz 8097 0.34 AU7 7:$; ;gj?
AUI0 fg:gz 8955 0.81 AU10 :3:;; 845; 4
AUI2 fg:gé 88.02 0.78 AUI2 fi‘;sz 84529
AUL4 68(')?59 68.79 + 0.09 AUL4 6231 i519-.1311
AUIS 4i$; 44.44 £ 0.68 AUIS sti; jzﬁg
AUL7 fg:g; 68.54 094 AUL7 766(,)20 5:33
AU23 57f;3 50.00 + 1.02 AU23 826(,)32 ¢7§.§§
AU24 60f§5 57.39+0.74 AU24 86('387 iggﬁl(s)
Mean fg:g;) 66.00 + 0.64 Mean ;3:25 ;g_gg

TE ML s e e A 3, Bdis 200 “ S e hR 22 " SR 2 T 3 3T S8 SRR 45 2R

AU 17
Transformer

K5 TRM BEHSLEZE A ] # AL

Fig. 5 Visualization of Experimental Results for the TRM Mod-

ule

TRM #EHAE I} Gl o A2 v B VR ML o 5 —A17
R T IR R A R SR R ) AU S X R &
A LATE BIAS R AL TS LR 06 o B 5 i A
2R, BT A anaih T ET
GNN FlI Transformer 2 t5 &8 A0 45 AF i of $4 77 &

AR ] LS ], TRM AR 4 i f7 X s B i
T 5 AU BT B AR OG0 R0 X8, 41 4n AU6
FTAUT2 X R 18 16 98046 A DX 48 L AUTO X 1 1) L Js 4R
E X, DL K AUT AULT B vb b 5 R AR B X
S, HLUOHE A S B B 0 SR A — 2k AL
FEARFRA R Z ) BT B ap i As e o . X R, TRM
W2 EA RN THST RS MEEST
P, AL T i 3 T 5 WU Ak i R 1Y OGS B A
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FH.. MELZT, Transformer 19381 X daf K 78 55
0 RIS T AHAE TR A3 R A v B A 43 B e 3
1, 58435 H bR AU Jo B I iy X3t 1 7
TR R A . K- UL, )R A EE
B4 2 AR ) e — BOPE iy [Rl s, L mT BB 5 1A TT
2% 1A AR, DT ) 559 % TR 5 3l A AR Ak 1) 2R £

AEJI o

HAR T B2, AT SRR Y AU, GNN 5
RULE IS [B) 48 22 b 7 o 1o 58 32 5T, 4K B8 L X i S
oA INE AR B S50UR P 5 1T Transformer [14 M Ju7 I B {5
o] TR R AR PR AT, X — 22 R 5K 3
GNNTESNZAS AU FIAT BEAREAH Y F1 2380 E

x4 ARZLWEE TREMREN F1 XL (EHEAHREZE (%))

Table 4 The F1-Scoreof different settings on model performance (mean = std (%) )

AU/K K=1 K=2 Base K=4 K=5
AUl 53.17+0.74 50.31 = 0.68 52.65 +0.80 5342 0.92 50.01 = 0.67
AU2 48.35+0.22 45.11 +0.27 48.18 £ 0.25 51.75 0.03 46.25 +0.14
AU4 58.97 £ 1.45 59.45 £ 1.65 61.15 124 60.38 +1.12 59.20 £ 1.57
AU6 79.19 + 0.30 79.52 +0.27 8227 0.05 79.97 +1.22 81.77 + 0.65
AU7 79.91 + 0.93 80.44 +0.79 80.97 + 0.34 81.78  0.50 77.30 £ 0.22
AU10 81.08 +£0.70 85.18 + 0.41 89.55 0.81 88.56 + 1.24 89.04 + 1.25
AUI12 85.18 + 0.66 88.58 + 0.52 88.02 + 0.78 85.42 +0.73 90.80 048
AU14 7143 0.57 69.71 £ 0.11 68.79 + 0.09 65.84 + 0.65 69.71 £ 0.75
AUIS 5646  0.15 50.68 +1.03 44.44 + 0.68 46.58 +0.74 48.65 £ 0.32
AU17 66.27 +1.02 68.20 + 0.82 68.54 + 0.94 65.64 + 0.82 68.96  0.37
AU23 47.48 +0.74 50.73 £ 0.81 50.00 £ 1.02 5289 1.19 52.80 + 0.84
AU24 52.25+0.26 60.72 + 0.35 57.39 +0.74 61.29 0.26 57.95 + 0.96
Mean 64.98 +0.71 65.72 + 0.62 66.00 + 0.64 66.04 + 0.82 66.03 + 0.76

SR B R, B 5 i AL 5 AR
MELZ 0 UE T TRM BB 445 Bl - 37 22
iNInNA g S o SE PN R S r A B RO 3: Y
it A% AL 3G 5 T XS A AU R EIIGE T o [FIEE, 5
Transformer #H L, TRM 7E R RF U RE A AT H2E T,
SEILT T LA X Y 2 A X AR

N4 535 PR 2 K 1HEINE 3 i), B8 1
P BE 2 LA b T3, 7 K=3 I 04 {8
XYGHE T RAT R : R G 2-3 41 E i F W3S IX
OO T AT AR RS B OCHEE, MK > 3, HhEE
ERRE , EIFARARZE W E T, HAE &R/ AU |
IR B H R T, X B R, R K
E25I A 25 BARTE 225 AH SR8 1Y X I
ik, DA TR T G S s 285 IX S8 DTk , O ] BT R A4
MR, X5 G A FRECR RO LA
T D [F] 3R Bl X — AF F S A — 3

BT R R S BURAE SLg, RATR AL
FEK=31E MBI BRINS L
2.4 XLERWELR

R T B UEAR SO AR L A R S — S i

B T DX BR ) A J SE Soe s I kAT T
FbAL . 32X by 7 A2 7% DRML(Zhao 55, 2016) |
RE-ne (Yang 4§ , 2020) . SRERL (Li % , 2019) .
EWRBAL (Tian 45, 2022) . AUGAIN (Li %5 , 2025) .
AC2D (Shao % , 2025) . JAO (Zhou %5 , 2024) . LTI
(Yang &E 2019) \AUNET(Yang 45 ,2023) . 7 BP4D
FIDISFA B4l 4 I, AR AL TE F1 34 i1 RE
GITFR3IME AT, TR T =358 XE kR
ISRz A RE T, I s S /AR R 25 1 TR
W4T Z B bR 2. b T8 SR, e A
WAL R B AR S, i TR3IME4
R 2805 | e SOR R BEMER A8 bR T 1 PERE,
PR A S A Xhizcda bR B W PEREEA T T LA #T -
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x5 AEZWIRE TEEMERAERET L (FHEAREE (%))

Table 5 The Accuracy of different settings on model performance (mean + std(%) )

AU/K K=1 K=2 Base K=4 K=5
AUl 78.18 + 0.63 71.33 +0.98 74.28 + 0.48 77.93 +0.74 78.90  1.36
AU2 73.04 +0.33 81.19 +0.47 81.19 +0.29 81.97 0.22 81.52 + 0.65
AU4 84.89 0.87 78.28 +0.97 80.53 + 0.60 76.85 +0.71 80.10 + 0.48
AU6 79.28 + 0.40 78.23 +0.54 77.10 = 1.10 77.57 +1.27 80.53 1.32
AU7 7532 +1.25 73.03 +1.42 74.64 +0.91 73.55 +1.12 78.48  1.47
AU10 74.86 = 0.53 79.54 + 0.66 84.80 0.84 80.52 + 0.63 80.10 + 1.41
AU12 82.28 +1.24 85.77 £ 1.15 84.50 + 1.49 83.28 £ 1.32 86.64 0.69
AU14 64.30 +1.12 63.68 + 1.10 59.31 £ 1.11 60.50 + 0.94 67.83 1.73
AU15 78.52 £ 0.75 80.90 + 0.79 72.96 +0.27 74.41 £ 1.33 81.84 1.18
AU17 70.53 +0.68 74.51  0.32 73.14 + 0.02 68.63 + 0.47 72.50 £ 0.51
AU23 74.43 + 0.09 76.99 +0.48 76.32 £ 0.65 78.03 + 0.15 80.18 1.00
AU24 77.67 +1.31 83.64 0.85 82.15+0.70 83.30 + 1.02 82.48 + 0.66
Mean 76.11 +0.88 77.26 + 0.65 76.74 + 0.70 76.38 +0.73 79.26 + 0.62

T LR R e e 2 PRV EC T R A 2R o Bl 2O “ S bR 22 " SR 25 T 3 93 SURAIE Y 45

W3 i, ARSI ARLTE BPAD 50 i 5 11 F1
SHEGRE] T 66. 00%, A SR E K. Hirb 78 12
A AU A SAEUS T e i F1L 40 55 265
WA o 3 3 WA R A A 5 K K B LA i
Y AU BB B filan, Au6 5 AUTfE#R
55 A8 A 1k A e R Bt 2 B 0 LR A T e
A Bt R 8] 2h 2578 AR, 3306 A SCAI SR A s 25
TEERBIL ARl AHELZ T 0 AUL2/4 3% 54
W JE S A0 0E Bl FLEUG AR AR R 155, R
DA VA 0 D Xt DA T Sz e i AR S U 7 Ry 35
AR E AN R . 52X, RE-Net 38 AU 2
E A A DM IR 5 AT &R A 35 N AL, A e = )
[ 43 FE 4SS, (H LR AU SCHCHE #4105 Hh s DA
M4 T %55 AU SR AU (R BE 7o e Ak,
AC2D 38 i PR SR A 5 1 A4S AU R IR ST ZE A
AU RGN B T B S B T, (S AR TS AU
AR TR ATY SR B = 4 R RRAE AR . 1T AUGAIN I
T 43 1) I 28 Xof BAAS AU PR SO X SR A 72
FFi 33 landmark 72 037 3 A AR HER AR 2, DT 35 2]
BEAF RIS o SR, XA T IE I R TR R s
FUBLDE R, TERCR AR A LA B AR S sy

TR LR R AR AR BR THE FL 4
B FL B 2 AN AR 5 — e\ RS ()

AR RCR A AT T X . S53A
) AC2D FIl AUGAIN J5 i AH b, i B AU 11351 4 Bk
EHN AR T ek R PR RE . Bk
Ui, AC2D [ FLOPs %4 by 15. 10G, £ A 2 B it
13.12 M., i AUGAIN fJ FLOPs 3% & 62. 93G, #5741
SN 89. 10M, #H L 2 R, % B AE AN
2. 50GFLOPs F113.31M S8 01E B0 T , gl g ik 5 2
B 3E S I AE BE X R W A 70 T AR A6k 7 R
AR N A, 28 BRI A SO R AL TR i
EABIT I ETR T R0 T Lk =20k Jf sk
R AU RIS LERS 2 i i AU
W AT AT B2 T4 23 (8], {H R PE R O R B0 AR 505 114 5
FAPE S

W 4 7, AR SCHRE AL TE DISFA i 45 1)
F1 8GR T 65. 34% , i SRR KF o #F 84
AU 1 AT 44 AU _EBUS T HAESE R, BA 2
A AUEEIRAE R, AR TR R R I
FER RE-Net, H5 H 22 MR 0. 14N E 400, HAER
AU R I ASBIRIATRAR G 4l T O — P R L A
Ro X—HL5HMmEFEZRVIMAL, MBET
BP4D, DISFA %4 4 rh iy A [R5 5t 1 A1

FEAE— BRI X 7 — e R B LSS T A
SO AL 32 Sh B A A A P T RE-Net 511
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Fz3 ARERBZEBPID HEE LR (FHELREE (%))
Table 3 Performance of different models on BP4D dataset (mean + std(%) )

AU DRML LTI EWRBAL SRERL AUGAIN JAO AUNET AC2D l;}Z; Our
AU1 36.4 50.8 45.6 47.7 44.2 54.4 54.2 54.2 57.7 52.65 + 0.80
AU2 41.8 453 41.8 50.9 42.0 50.1 44.9 54.7 59.0 48.18 £0.25
AU4 43.0 56.6 54.6 49.5 52.6 57.7 61.6 56.5 66.9 61.15+1.24
AU6 55.0 75.9 78.5 75.8 80.9 79 76.8 77.0 76.3 82.27 0.05
AU7 67.0 75.9 73.4 78.7 71.1 76 76.6 76.2 77.0 80.97 0.34
AU10 66.3 80.9 82.0 80.2 854 83.7 83.6 84.0 88.9 89.55 0.81
AU12 65.8 88.4 87.7 84.1 88.0 87.7 88.8 89.0 89.8 88.02 + 0.78
AU14 54.1 63.4 62.2 67.1 74.2 64.8 63.9 63.6 709  68.79 +0.09
AUIS 33.2 41.6 38.9 52.0 44.6 47.9 523 54.8 42.0 44.44 +0.68
AU17 48.0 60.6 61.7 62.7 65.4 62.3 65.7 63.6 62.8 68.54 094
AU23 31.7 39.1 43.6 45.7 52.1 44.1 48.5 46.5 44.8  50.00 +1.02
AU24 30.0 37.8 47.3 54.8 54.0 48.4 48 54.8 493 5739 0.74
Avg 48.3 59.7 59.8 62.4 62.9 63.0 63.8 64.6 65.5 66.00 0.64

F4 AEEETEDISFAEEE LR (FHEAREE (%))
Table 4 Performance of different models on DISFA dataset (mean = std (%) )

AU DRML LTI RE-Net SRERL AUGAIN AUNET AC2D Our
AUl 17.3 30.9 38.8 45.7 49.2 59.3 57.8 53.60 + 0.34
AU2 17.7 34.7 31.1 47.8 30.9 553 59.2 59.21 1.38
AU4 37.4 63.9 57.2 59.6 70.4 69.4 70.1 74.63  0.20
AU6 29.0 44.5 50.1 47.1 46.5 49.0 50.1 5450 0.58
AU9 10.7 31.9 50.2 45.6 54.0 45.9 544 40.41 £ 1.04
AUI2 37.0 78.3 75.5 73.5 73.8 77.0 75.1 83.84 0.93
AU25 38.5 84.7 86.6 84.3 80.5 91.8 90.3 90.57 + 0.27
AU26 20.1 60.5 50.6 43.6 56.5 60.0 66.2 65.98 + 0.45
Avg 26.7 30.9 55.0 55.9 57.7 63.5 654 65.34 £ 0.27
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e P A AR ERIUIT St . Rt SRR Y A
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