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Abstract  Facial Action Unit (FAU) detection is essential for emotion recognition and face gen-
eration. Existing fully supervised FAU methods rely on costly annotated data and lack generaliza-
tion. Self-supervised FAU detection using unlabeled facial data has become a key research area.
Current methods based on contrastive learning focus too much on global facial information, miss-
ing precise local motion details. This paper proposes Macro-Micro Changes based Self-supervised
FAU Detection (MC-SFAU), which includes three modules: macro facial dual-stream contrast,

micro facial region reconstruction, and macro-micro change interaction. First, the macro facial
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dual-stream contrast module uses global and guide facial streams to learn macro facial changes.

Next, the micro facial region reconstruction module introduces a region reconstruction loss to

precisely capture subtle local facial movements.

Finally, the macro-micro change interaction

module strengthens the interaction between macro and micro facial motion knowledge, leading to

accurate FAU representations. The method is pre-trained on the unlabeled VoxCeleb dataset and
evaluated on BP4D and DISFA, MC-SFAU shows relative improvements of 1. 4% and 5. 2%, re-

spectively, demonstrating its effectiveness in enhancing self-supervised FAU detection accuracy.
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L., B b AR S 02= > BT .

Lyuw=L,+L,+L, +aXxL,

Hrdr,a=0.05 AL HRHRIE,
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4 EWEE
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BN IFAEPIAS 3 31 FAU K I %8 4 BP4D™"
1 DISFA"Y b7 iEAh . BAREFAERINT.

VoxCeleb™ #IA 5994 i 45 A A LA, I 145569
BER AU, I 8 % 1092009 B WA A Bt L B 95 & W
K. ZEIRE A YouTube, 8 55 & 4 £ 745 1y B 52
WEERZE WA RS T4, A&
o BE AL 2 R . FRATTR T B s AR R AT R AR
B U 2, LR TR R 7R R Z s 3 5 T iz Ak
Ae 1.

BPADV™ fEZ P S A R ORE LU 41 H %
&R 328 BLiMi, Bt A £ & A9 AU A1 Landmark
TERE, UG B B i, I AR R SRR . xRS &
PEAG A X L FAU B Cln 4 8 | ot M 45 22 00 THT
T AR T . TR BRI o — A
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DISFA“'f 27 #ZiX & 4. & ARRE
A RN . BRI R R E T 66 A
Landmark F1 AU 58 B (0-5) , 2 B W 5 A9 4% 58 )32
AU MK 2 3RS B PR RRAE . R4 CLPY iy
WELVRITGS T RT 2 89 AU SBEM KA
H A AU 58 B Ry o & A, 3 S it g Rl oy Ol —
DN A E 18 £ 21 #F 1) 82971 kIE& , — 1>
WUESE AL 4 44320 1 19275 sk IEMR  — D
AT 5 A2 1Y 23898 IKIEIMR .

4.2 LWINGZHETIZE

F AT T5 2 3 T PyTorch #E 28, 78 NVIDIA
RTX4090 GPU LS8, 5255 i FH ResNet50 1
HNETME B Landmark #EEHEER v BN 0.6,
R AN 25 3 AR T A 60 0 114 M 38 E 47 5 1 45 4 LA
B SRR AE B R . Landmark AR R 0 28 09 32 18 7
Bkl k=50, ME ML » S 40, B R 3 55 R 0%
FUR XL 3R Az ae 0y . A BN, BB R/
Gi— N 256 X 256, WY 2k 7E VoxCeleb Yl 24 | it
1T 400 4~ epoch, ffi FBh & 0. 9 KL E FE U 0. 0005 1Y
SGD b %% . i K/ 256, 47 4h 24 > % 0. 001, K
JFH A 5% 3 D3R WS

1E R FAU R AE 55, AT 1R 45 MEFDC
B 22 WA R ResNet 3T B 4% AT 4 AE 42 B, 7
TR 2R M 3 2 30 0 AT 40 28 . 9 B I &9 A B FAU
ORIESTE
4.3 LA EEE

k4 T 369 T 4 Y MC-SFAU J5 ¥ 19 A 3tk
b AR SCGERELT = AR TR o ik
HEAT LI IPAN B 2 W T 5 A AU R
Oy AR UL R

4 W5 B 7 B U # SEV-Net” | HMP-PS™ |
ANFL-“VR1 MDHR™ %, 5% 26 )5 3k ¥ 4K #i 31 52
AU bR&FEAT I L 30 8 7E BB Z8 4 rh 5] AT )
B 2 0K 25 b B Bl AU K 56 7 A 4 SR g
DA T 1850 Sh 1 5 o0 0 R T 1 B L AR 3R T 2 A
EE W NS E S s R e g

[ B 4 $E SimCLRPY . MoCo™® ,CvCH |
TAE™ | CLP™ , KSRL"" . MCM™" & PCFRL™"
A X EETCRRE AU B, @ 5] A KR 9
5 M K FE AR A X (SimCLR, MoCo, CVC %),
S 454 B T R . Landmark 45 14 29 53 | (8] 45 #49 4f #1
5 X 4 & #HLH (TAE,KSRL,MCM,PCFRL %),
48 5 AR XoF T RS 2 0L 5 2RO B0 A Y R AE BE AR R
TR A M AU BIAT 55 04 3 AT 5

SRy it DR S 30 1AL Y 8 - M AR 0B — R AT Res-
Net50 VE & T M &, JF ™48 B 95 CLP 1Y% &, ¥
BP4D F1 DISFA ¥4 4 %] 53 24 Il 25 48 | 30 31k 48 A
., TEIA T4 B, & — i H VoxCeleb 1E
o TG b 2 I R B L SR P AR UHE B9 InfoNCE $d 2% 2R
B BN IR E 2% « 0. 07, batch size iy 256,
Tl ha ) %R 0. 001, HiA SimCLR Al MoCo
IR T AFFL B B, H A ik il AR & A i
A AR A5 5 T 2 5 | R S 4
4.4 ZWHERSW
4.4.1 MC-SFAU 1£ BPAD ¥4 4 b By 45 5B br

BPAD A8 A i fe e G . HE S £ 5
() AU TERE 38 A PPl AR 80 6 i 780 T 350 2 15 455 X 0
HAMRE S . fEiZ B L AT MC-SFAU 546
HE 4 W R A W AT T R, Ik 1 R .
S gE R K, MC-SFAU 783 F1 20 %1 1 3k 3
66. 9% » MIEE T e Al 4 Wa B O i MDHR™ A X 2 7+
0.5% s FH A3 T I A W B J5 vk MCM A8 Xt 4
T 2.1%, XFEP MC-SFAU fELRZ ¥R T
R FL A B B S A A W B O Rk R RE S, A
HAK AU £k F . MC-SFAU 1 AU6,AU12,
AUL4 fl AU23 S 3ifE ot B RME W, o HAE
AU12 Fl AUT4 X Filt 55 1135832 3 A4 8% 36 15 5% % A
KIHTT b A A R T BRI, U
A% 780 7 47 B M 7R Al 3R 19 A8 Ak T T LA R I
X325 T MC-SFAU W% - WOWARFE 3¢ B AL,
FLRE A% (] g G 3 R A 3R 155 42 20 R DG DX 38l 1) At
A, RE W, MC-SFAU TE 3 43 J5 4 & 5 48/
WA S Z T AU AUL f1 AU7T) | R BUS B
REER ., X AU RG22 IE A R, ) 5 32 3
RS A G2 Bl S ) T DT B A TR A
MR BE 7 . BT 22, 72 05 F 0 8 A A X 21K el
AU FXE LSR5y B AR S, R & . MC-
SFAU 7EXKZ AU B0 T A 3 W8 7 ik, Jf
FEF Y PE BE b BT R AT . X gl R Rk T
MC-SFAU 7 Jo b %5 2 2J i 30T B 24 11 5 ) 50

e IE 2 HUCRE 77 55 5 PR 32 AL BB J7 R 1) i A T 1) &2 2%
RIGGH IS5 A MR T X B AR Y
A

4.4.2 MC-SFAU 7E DISFA $dli4E 45 53 0r

7£ DISFA %04 45 b, AT MC-SFAU J5 %
AW FAU W 53647 7 I, ik 2 s,
MC-SFAU ##k 7 K4 0B Jrik A7 S AN-
FLM (KS™ MDHR™ 9 [ & b A 9% )5 . X —



1068 it = N 2% i 2026 4F
F 1 VoxCeleb>BP4D b .AFZES5£ME BUEAENITE
J5 /AU 1 2 4 6 7 10 12 14 15 17 23 24 ¥
SEV-Net  58.2 50. 4 58.3 81.9 73.9 87.8 87.5 61.6 52.6 62.2 44. 6 47.6  63.9
2B HMP-PS™ 53.1 46.1 56.0 76.5 76.9 82. 1 86. 4 64. 8 51.5 63.0  49.9 54.5  63.4
ANFLM 52,7 44.3 60. 9 79. 9 80. 1 85.3 89. 2 69. 4 55. 4 64. 4 49. 8 55.1  65.5
MDHR'  58.3 50.9 58.9 78. 4 80.3 84.9 88. 2 69.5 56.0  65.5 49.5 59.3  66.6
SimCLRMP!'  38.0 36. 4 37.2 66. 6 64.7 76. 2 76. 2 51.1 29. 8 56. 1 27.5 37.7  49.8
MoCo 0 30.8 41.3 42.1 70. 2 70. 4 78.7 82.5 53.3 25.2 59. 1 31.5 34.3  51.6
cvct 43.9 47.8 38.7 67.0 70. 4 81.8 84. 4 57.5 39.5 49.3 27.1 43.6  54.2
cLpt 47. 4 50. 9 49.5 75.8 78.7 80. 2 84.1 67.1 52.0 62.7 45.7 54.8  62.4
PCLH?] 52.3 63.5 51.3 82.5 80.8  87.1 88.7 65.6 47.1 57.6 43.8 51.0  63.6
AW Luetal ™Y 42.3 24.3 44.1 71.8 67.8 77.6 83.3 61.2 31.6 51.6 29.8 38.6  52.0
TAE™ 47.0 45.9 50. 9 74.7 72.0 82.4 85. 6 62.3 48.1 62.3 45.9 46.3  60.3
KSRL"2)  53.3 47. 4 56. 2 79. 4 80. 7 85.1 89.0 67.4 55.9 61.9 48.5 49.0  64.5
RRL 1% 4200 35.7 34.0 67. 4 67.8 79. 1 80. 6 63.9 28. 6 48. 6 26.5 32.4  50.2
MCMP 54,4 48.5 60. 6 79. 1 77.0  84.0 89. 1 61.7 59.3  64.7 53.0  60.5 66.0
AT 52.2 54. 6 56.5 80. 7 73.0 86. 2 90.9  72.0  61.3 59.9 56. 1 59.2  66.9°
e« FORGE R T RAE L I B AR ¢ K50 (UFTA AU RS54 h B 83 B M2 57 (p<<0. 05),
& 2 VoxCeleb>DISFA b . AFEELUERMEFENITLL
J5 /AU 1 2 4 6 9 12 25 26 ]
SRERLM 45.7 47.8 59. 6 47.1 45.6 73.5 84.3 43.6 55.9
SO-Net -8 33.8 44.5 70. 3 57.6 39.7 78.2 86.7 57.3 58.5
e UGN 43.3 48.1 63. 4 49.5 48.2 72.9 90. 8 59.0 60. 0
ANFL[] 54. 6 47.1 72.9 54.0 55.7 76. 7 91. 1 53.0 63.1
Ks2 53.8 59. 9 69. 2 54. 2 50. 8 75. 8 92.2 46. 8 62. 8
MDHR 1%/ 65. 4 60. 2 75.2 50. 2 52. 4 74.3 93.7 58. 2 66. 2
MoCo %% 22.7 18.2 45.9 45. 4 34.1 72.9 83. 4 54.5 47.1
SimSiam"**! 35.5 25.5 58. 1 53.8 32. 4 74. 4 79.0 55.7 51. 8
cvch 30. 3 20.9 56. 4 49.5 26. 3 75.5 79. 1 51.8 48. 6
cLpt 42. 4 38.7 63.5 59.7 38.9 73.0 85.0 58.1 57.4
B e pCLM? 53.8 44.9 58. 1 37.2 53.2 73.1 86.5 31.3 54.8
Lu et al, [ 18.7 27. 4 35.1 33.6 20. 7 67.5 68.0 43.8 39. 4
TAE™ 21. 4 19. 6 64.5 46. 8 44.0 73.2 85.1 55.3 51.5
RRL 1/ 15. 4 15.9 49.5 48.8 22.1 70. 3 81. 4 46. 8 43.8
PCFRL 54.5 62. 1 60. 3 36. 6 47. 4 73.6 86. 0 32.6 57.8
AR T7 i 59.5 75.7 51.5 49.9 43. 4 67.3 90. 1 49. 2 60.8"

R« FORGE R T RALRELR I AN « K5 (AT AU WS R I REA) b BA Gt 3 P2 5 (p<<0. 05),

% EEIHH T MC-SFAU 4 i ok 1 = 2 41 AR [A]
N Bl 1 550 22 8] B 1 SCHK R 56 2R T 3K 26 4K 3 %oF
TH]FB A BN A X 43 A8 S Al B AU U IS S 6
E A1 B ) J2& . DISFA B8 4 v 1w 38 2 1% 5 m A
SR AU SR SRR, 280 AU D3R JEE X
S AR 22 5 L U T ARG
PR B 4 T MC-SFAU {15345 T 60. 8% 1)
RSl N O £/ i of L = s 7 S i W B = B £
FIN e T Sz kv ag, R L R e Bt
sRe ). WEMR AU BRIKRE . MC-SFAU 1£
AUL, AU2, AU25 MR T fe b 45 3, b H %
AU25 (B8 43 85) X 38 5 1B 8l 25 40 56 1) 2 4 5 T
L AHN B B R R T UL UL A AE
ARG R SRR X T RE S 2 . B, 7E AUL2

A A5 422 30 B A A 235 S 1 — 25 Ik I G X 11 35 A G
SfE R EBIRE 1. W E 48 Y&, MC-SFAU 7E
AU4,AU6,AU26 % AU FRCRMI A, X FEE
JEFiX s AU FEA SR B8R &, 5 8h 18 iR 2 4
AN R BOBIRIME DL 2% ) B SR AE . H SR MC-
SFAU 7E2 40 AU S8l T ke 2 7+, HoAE iR ik
WFA R RS T, S A% FAU &5
P A g R R W, MC-SFAU Y FAU /R 7E
DISFA #4545 FAHE B A0 A W B i A 4 v T
5.2% . FEATIAE T MC-SFAU ZR 44 i Al S5

4.5 HEMEZB S54SR
4.5.1 MC-SFAU B[R He XS FAU K 1) 52 i)

ARGV MC-SFAU £ 88 B il 5 %k, 341
16 BP4D 44 E kAT T Al S8, 5 R gk 3 A
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o WA E MFDC B H B8 S B2, 9] i F1
YRR 48.7% . 51 A MFRR #EH 5 , P BE 0 3 2
T 61, 2% HHE LR AR TF 12. 5 %0, 3¢ W% A B 75 14
SER TRIOU DX B R Ty T R R T ORSE . #E— 20 A
MCI B f5 B AL B HE TH 2 66. 9%, 0 iF T -1l
WAE SR IR B A RCME . (B A B A & . MFRR B
BT R (1 ME BRI I R T MCT it fo0R X 3
HMAE FAU f il b5 g 0, X EEHK T
BPAD ¥ 5 b 280 FAU bR % 65 10K 40 19 A 86 AL
AWsh1E, i MFRR i@ i3 Landmark 5] § 5 X & &
gt 1 ORT I 2 DX I AT, A AR SR T AR 1))
HRILEET] .

# 3 BP4D #HIEE E . FREREHIF MC-SFAU

4.5.2  BOWAMG: IX S8 @ A e (MFRR) G 8 2
B FAU £ 0 #4952 e

N T RG I MC-SFAU J7 ¥ v G 2 5
) TR B RS R P BB 1Y 5 e, FRATT X HE RS AR K -
AL R v AT T Z iR S g . BAKT S .
R T E AL - WU FRATTAE BPAD %4 4 [
A7 T, gk 4 s, AT 40 5l 17y =0.6 19
SEHY SR - AR 20,30,40.50 B9 E T R S 45
W, LA REW. Y - WEUAE R 40 B, MC-
SFAU 1 SE 50 45 L HUAS T 66. 9% M A K,
FAVEW > r b /NI, A DG SHERR AE FE AL 15 AN %
SN RSN NN 0 a7 & ST R ¢ i
FAARBE R ANRAR L, BRI A 2%,
X - B BT AY, FRATT RS AR I SRR E

wNERNEIN
MFDC MFRR MCI F1(4) Mﬁﬁ%% T MC_SFAU ﬁéi& AU Kﬁ{}ﬂ“ ,ff%li E]/J
N, 18.7 PEREZE I, BT E — 2B AL B BHE AU K I
j j J 61.2 A EEA RS S Ry A 5 4 B 5
66.9
FRMTHMENZR .
R4 BPADHIE&E L. L v=0.6 FFS % r 3 MC-SFAU & &5 R B9 %MW

S8 r/AU 1 2 4 6 7 10 12 14 15 17 23 24 SE-

r=20 48. 8 54.9 54.5 82.5 75.3 85.7 89.5 69. 6 58.3 62.1 51.1 58. 3 65.9

r=230 51.6 55.1 48. 0 82.3 80.0 87. 4 89.8 65.0 60. 9 61.1 59.1 56. 4 66. 4

r=40 52.2 54.6 56.5 80.7 73.0 86. 2 90. 9 72.0 61.3 59.9 56. 1 59.2 66. 9

r=>50 50. 7 53.2 53.9 80. 8 75.0 83.2 88.9 73.2 56. 3 57.8 55.2 43.1 64. 3

H TR BN AR v BUE, RATE BPAD %4l 4
FAT T —RAIER, Wk S5 B, B’ATE r=140
) S 3 A5 R Ik TR Ry B[ (1.,0.8,0. 6,0, 4)
M SEn g . IR ZE AR E v MIUE R 0. 6 BT,
MCSFAU J7 i B T e £ K, 35 8 7 B AW
66. 920 W PERE K F o 1M 24 v HOH At (A B, 52
W R R TGS X — PR Ty E
0.6 B R m A MR, AT 2 v /e,
B y B0, 4 B, N 5 B AR AF 8 A5 A5 AS 08 4 18T 5 1T
Moy o KEF Gy BUE Ry 1 65 E AL A 48 B

L, SEE R OB 2. B S GRS,
P, R v 1 BRI, 5 27 G RR AR FE 14 1Y
S TP R ATL P 22 T A S 4, D) R85 78 A O )
15 BT AR REHUAS KA 3z Ak R RR L X — & Bk 1
MC-SFAU J5 ¥k 1) 58 S 508 1 7 S Bt 1 48 52
e AT — AT TR XA LRy =o0.4,
r =301, ¥ =0.6, r =401, ¥ =0.8, r =500, 40
ORGSR S KK —F L W [r=40, v =0.6]
MU E et X RPRAN S HOEPERA S8,
MM AR T HMEN S %,

R5 BPADEIEE L. Y r=40 IS % v 3} MC-SFAU % iU £ R 5 Z i

S8 v/ AU 1 2 4 6 7 10 12 14 15 17 23 24 Sy
ry=1 50. 3 51.4 52.5 73.3 71.1 80. 6 83.3 66. 8 62. 4 57.8 57.1 56.6 63.3
vy=0.8 51.1 52.3 54.4 59.9 70.9 84. 6 85. 2 71. 2 61.8 60. 2 58.2 59.4 64.1
7=0.6 52.2 54. 6 56.5 80. 7 73.0 86. 2 90. 9 72.0 61.3 59.9 56. 1 59.2 66.9
vy=0.4 52.0 53.1 57.2 70.0 73.2 84.2 86. 4 73.1 60. 7 58.8 55.4 58.3 65. 2
#x 6 BPAD HEHE L . FESHAE S MC-SFAU # 4 R B %M
8 y.r/AU 1 2 4 6 7 10 12 14 15 17 23 24 S 14
y=0.4, r =30 52.1 63.7 51.3 82.5 80. 8 87.1 88.7 65.6 47.1 57.6 43.8 51.0 64. 3
Yy=0.6, r =40 52.2 54. 6 56.5 80.7 73.0 86. 2 90.9 72.0 61.3 59.9 56.1 59. 2 66.9
y=0.8, r =50 41.1 57.5 44. 3 75. 4 73.2 89.1 89.5 69. 3 58.1 61.5 44.5 61.7 63.8
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2 fiR .24 k=50 i, MC-SFAU 353 1 M fE,
MAEARCUEL b b /NI L A5 A0 1 U1 Zhasd AR A 7 40 ik
115 5 B0 1 A S0 R AS ) 37 5 i 8 AR Ak A
175 WA I 5O o MYk (O T, R R R T
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WHOT FRAPERE ML B CEZ, i Dkt 2w
HARAER T BE T B R B

67 =
66
65 e
= 64t ""'
63
625 -
hd . i
10 30 50 70
AR Hk

K 2 BPAD B¥E4E bR E &R E £
X MCSFAU A& i 25 5 1 52 Wi

4.5.3 MC-SFAU 5R[H Jy i 46 I 35 % 1 5 e

J A TH VEAK BT $2 MC-SFAU J7 B 76 i+ 8l A
5K R E 25 A 03 A SCHE BP4D $idls 4
PEH SimCLR™ | MoCo"**, CVC"" #I CLEF™" g
FiAR et vk AT LL LR I AR A FE I R S 550
YR BE HEFRREE 5 F1 A8 45 gk 7 iR,
Ml 2 2 %5 3k B . MC-SFAU H 144. 37M, B4k
% = T SimCLR A1 MoCo VA K CVC,{HALF CLEF
) 156. T0M, & 4k F 35 7K F- , i 98 7 {2 Tk A5 7Y
25 0 [l TCAR T RS . FE I 25 T T 52 35
AR 25 g v - AROWLASE B 1) B[R] 24 2T LT, MCS-
FAU e Zhad B8 b B B AT — @ 1 504 05 B
MERE W5, YN 2R st ) R 5. 14565, A% CLEF Ay
5.3216s 45 H — & L%, 76 #E #L B Bt , MC-SFAU

Jre R M R A A PR T R0 PRk IR ST 35 4 3L I [
29 0.0061s,5 MoCo #124 . fL T CVC #1 CLEF, X
15 25 AR A AE A B B P AR B T IO 2R B kAR
AJ ResNet ET M4, K5 ABINE 22115, GBI T
SEPRIRE . AR K DA RE U7 T, MC-SFAU 1 F1 734
K5 66.9% , Bl BT SimCLR,MoCo 5 CVC, I 0%
5T CLEF, B A0 4 ) e 10E BB ) 51T 45 38 i

R 7 BP4D #HIE&E L ,MC-SFAU 5 R EF 7%

TEREITLE
Bk UGS EE () IR Cv) HEREEE (v F1CA)
SimCLRM? 24. 62M 1.9712s 0.0064s  49.8
MoCol?* 65. 56 M 2.5600s 0.0061s 51.5
cvel 83. 96M 3. 2768s 0.0073s 54.2
CLEF" 156. 10M 1.1216s 0.0077s 65.9
ENS RS 144. 37M 5. 14565 0.0061s 66.9
4.5.4  MC-SFAU [ A [a] £ 9 38 5% 77 X X FAU
oz I ) 52 M)

Oy Bk — 25 o3 M B0 3 i SR 08 A A E ) R
Wi, FATTAE BPAD Kodls 4 b XF 2 Ff b 5 Oy U k4T 1
RGN LS 25 R 3R 8 Fros ., BRI K A145r
BIVERG T — R (REPLER BT BENLRER: B+ 3D
ARSI B R A 3 5 CRF a3 9 gy (& T
Az B i S R D RO RICR . SR AR R, TR —
5 77 SUREAE 1 — 7 i B 1 4R TR R PR BE L b Bl AL
5 5 BT R P A A 4 2 O 7 R S8R AR
RE 5 ZRMT S B — 0 40 B X A5 R 1Y B kA BR L e 5 1Y
PshE Bl RESI A MR, S EUG I VERE T M. AHLL
ZT L BRATHY IR & 84 58 76 BP4D Bdla S 19 -2 F1
PR R 28 AU IS T R AR E R (66.900)
5 0 TR B — g 9 07 5. K U R A 4 5k RE 6
TE 52 T RIZ AL BE T 64 [ B, 38 g T 2% SO A R
LR ERRE S . T BIR M AR SCHE PN A 3252
56 v B4R TR 5 346 i AR D BRI L, DL AR A AR 1Y
T vk 5 Rk

R 8 BP4D HIEE L. ANEHIFIEE T EIT MC-SFAU #: Ml 45 R #9821

I/ AU 1 2 4 6 7 10 12 14 15 17 23 24 S H
Fifi BIL 59 % 48.5 64. 2 50. 4 81.8 76. 4 88.2 89.9 71.2 32.2 63.5 45. 4 58. 2 64. 1
il B 1 % 48.3 58. 6 48. 6 74.5 76. 4 88. 1 90. 4 70. 4 56. 9 56. 6 55.9 56. 1 65.1
PRER SR 47.8 63.9 33.7 79.8 65.5 87.6 89.5 66.9 53.6 55. 1 33.1 49.2 60. 5
ATk 52.2 54.6 56. 5 80. 7 73.0 86. 2 90. 9 72.0 61.3 59.9 56. 1 59. 2 66.9

4.6 FHULEHBERD
4.6.1 WA FAU FAE 01 & S al #i 4k

J T I UE R WLRIOW FAU FAFE7E AU gt
(IVE AT, FeATT#E BPAD $4ls 2 il 4 Bk AT TR

JIRT AL 250, L T Bk 2D -0 AR Ak 5 HLRR B
(MCD Ry #E R 5 5g AR g R B0, N &l 3 i, &5
SRR B MCL AR, 22 0 FAU R AE 19 1
FSWAE L RN oF- 3 N LU A e S NCVE TSP
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RS 15 0 86 Jrse 300 5 ¢ 0 1 0 200 28 A 1 o 3 0k
TESIA MCI L 58 B R vh, 5 WL FAU RAEA
AR AR R AR AR A 1 DG T IR il T TOW R AiE 2 4t
AR5 A5 5 E — 20 B 5T X I JER R OC OC 8t R 358 X
SR BATRE Ty o TR A Bl MCT B8 rp (915 Jlkais
XF LR WO FAU SRAEAH LE T8> MCT i 3
12 R TE G R IR B U AR OC ) B, SR A
HMHEEWMER M. R LRI, MCI A
B HE T 2 -TEOW AR AE 1) B AN PR ] i = AE 2 )2 K
AR TR AU MO EE B EBRE ) 5
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(BPaD¥HE | | EMFAUREE | BORF AUZEAE
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| BB || woMCl ORI || woMCl  KIHE
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R T X SR 3G JR) B X s 114 R A AOW 3R i )
B 4 T L 1 R R R X B, 4T € KE R T Yl 1Y
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B

4.6.2  AS[RIBLHA A 0 FRRE 2 A ] Ak

JT HMER MC-SFAU Ry . FRATH MFDC
FE R 0 HE LA AL, JF AT AL T BE LR A A | B R AR A
T2 B i UL R A He (MFRR) 9 8 B (MEFDC -
MFRR) DL} i % MC-SFAU J7 ¥ i FAU ¥R 1E,
FATTAE BPAD 4 4 iy i i 4 [ A +-SNE #£ 2D
FRAE S [E] o] MLAG B B S O AR AR . i T IE SR
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Background

Facial Action Unit (FAU) detection aims to recognize
fine-grained facial muscle activations that constitute facial ex-
pressions, and it serves as a fundamental component for
downstream affective computing applications such as emotion
recognition and human-computer interaction. Although mod-
ern FAU detectors have achieved strong performance under
fully supervised learning, their effectiveness typically hinges
on large-scale, high-quality AU annotations. Such annota-
tions are expensive and time-consuming to acquire, and mod-
els trained on limited labeled data often suffer from degraded
robustness when deployed in unconstrained real-world condi-
tions (e. g. » large variations in identity, pose. illumination.
and background).

To alleviate the reliance on manual labels, self-super-
vised FAU representation learning has become an active re-
search direction, leveraging abundant unlabeled facial images
and videos for pre-training. Existing self-supervised approa-
ches largely fall into two paradigms: contrastive learning and
reconstruction learning. Contrastive methods typically im-
prove representation discriminability by enforcing invariance
across augmented views, yet they may over-emphasize global
facial appearance consistency and miss the subtle, localized
motions that are essential for AU understanding. Conversely,
reconstruction-based methods can encourage attention to fine-
grained regions, but they often under-model the global (mac-
ro) facial dynamics that provide stable contextual cues for
AU-related changes. As a result, the imbalance between
macro dynamics and micro muscle-related motions becomes a
key bottleneck for learning AU-sensitive representations in a

self-supervised manner.
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This paper addresses the above gap by proposing Macro-
Micro Changes based Self-supervised Facial Action Unit De-
tection (MC-SFAU) ., a unified framework that jointly cap-
tures complementary macro-level and micro-level facial mo-
tion cues. Specifically, MC-SFAU integrates (i) a macro fa-
cial dual-stream contrast module that learns global facial
change representations via a global stream and a guide
stream, (ii) a micro facial region reconstruction module that
introduces region-wise reconstruction supervision to better
preserve subtle local movements, and (iii) a macro - micro
change interaction module that strengthens knowledge ex-
change between the two levels to obtain more accurate and
robust FAU representations. Empirically, the model is pre-
trained on large-scale unlabeled facial data (VoxCeleb) and
then evaluated on standard FAU benchmarks (BP4D and
DISFA), where it yields consistent improvements over prior
self-supervised baselines.

The significance of this study lies in providing theoreti-
cal and technical support for scalable FAU modeling in real-
world, label-scarce scenarios. By enabling self-supervised
learning of robust AU representations from large-scale unla-
beled data while explicitly coordinating macro and micro fa-
cial changes, the proposed design reduces heavy reliance on
expensive AU annotations and improves robustness for prac-
tical deployment in affective computing systems.

The research group has previously made sustained progress
in affective computing and facial behavior analysis, including ro-
bust facial representation learning, weakly/self-supervised learn-
ing for limited-label settings, and fine-grained facial motion mod-

eling, which provides a solid foundation for this study.





