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Abstract: Objective Facial expression recognition (FER) has emerged as a pivolal research topic in the field of computer
vision due to its broad applicability in diverse domains such as human—computer interaction, intelligent education systems,

healthcare monitoring, mental health assessment, driver fatigue detection, and online behavior analysis. Accurate FER
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enables machines to interpret human emotions, thereby enhancing the naturalness and adaptability of interactive systems.
Despite recent advances driven by convolutional neural network (CNN) and, more recently, Transformer-based architec-
tures, the performance of FER models remains constrained in challenging scenarios characterized by high inter-class simi-
larity and large intra-class variability. One of the primary limitations of existing methods lies in their insufficient ability to
effectively model fine-grained discriminative features from facial key regions—such as the corners of the eyes and mouth—
which are crucial for recognizing subtle emotional differences. This deficiency often results in feature representations that
are dominated by global semantic patterns while failing to capture subtle but semantically critical local cues, ultimately
reducing classification accuracy in complex and ambiguous expression categories. Methods To address these challenges,
we propose a novel Cross-Fusion Multi-Level Receptive Field Network specifically designed for facial expression recogni-
tion. The central idea of our approach is to explicitly integrate local structural priors derived from facial landmarks with
global semantic expression features, enabling a more balanced and discriminative feature representation that combines
detailed regional cues with holistic facial context. Concretely, we first design a dual-stream feature extraction framework in
which one stream encodes the global expression semantics of the entire face, while the other focuses on fine-grained geomet-
ric structures extracted from facial landmark points. These two feature streams are then fused using a Transformer-based
cross-fusion module, allowing rich bidirectional interactions in the spatial domain. This fusion mechanism effectively
guides the model to attend to expression-critical regions while simultaneously leveraging the contextual information provided
by the full-face representation. A key technical innovation in our model is the Sliding Dilated Window Attention mecha-
nism, which is designed to overcome the limitations of conventional global self-attention in standard Transformers. While
global attention offers strong long-range dependency modeling and parallel computation efficiency, it lacks the local induc-
tive bias inherent to CNNs, making it less effective for capturing small scale discriminative features. To remedy this, our
SDWA mechanism restricts attention computation to localized sliding windows, significantly reducing computational com-
plexity while concentrating attention resources on critical facial areas. Furthermore, inspired by the dilated convolution
paradigm, we introduce varying dilation rates within these sliding windows to expand the receptive field without sacrificing
resolution. Specifically, we assign different dilation rates to different attention heads, thereby constructing a Multi-Level
receptive field encoder within the Transformer. This design allows the network to simultaneously perceive small-scale
details, such as subtle movements in the eyes or mouth corners, and larger-scale structural variations, enabling a richer
and more semantically aligned representation of facial expressions. Result We evaluate our method on three widely used
benchmark datasets: RAF-DB, AffectNet, and FERPlus. The proposed model achieves top-tier performance, with classifi-
cation accuracies of 92. 14% on RAF-DB (seven-class classification) , 67.35% and 63.44% on AffectNet (seven- and
eight-class classification settings) , and 91. 67% on FERPlus (eight-class classification). Our experiments are conducted
using a standardized training pipeline with data augmentation strategies such as random cropping, horizontal flipping, and
color jittering, and optimization via AdamW with a learning rate warm-up schedule. We also perform a comprehensive abla-
tion study, demonstrating that removing any of the three major components—the cross-fusion framework, the SDWA mecha-
nism, or the multi-dilation receptive field encoder—results in a significant performance drop. Additionally, qualitative
analysis using attention heatmaps confirms that the proposed method consistently focuses on semantically meaningful facial
regions, such as the eyes and mouth, across different expression categories and datasets. Beyond raw accuracy numbers,
we compare our method with representative state-of-the-art FER models, including CNN-based architectures and pure
Transformer baselines. Our network consistently outperforms these methods, particularly in categories with subtle local dif-
ferences, validating the effectiveness of explicitly modeling key facial regions. Notably, the proposed architecture achieves
this without incurring excessive computational cost, maintaining an inference speed suitable for real-time applications.
Conclusion In this work, the proposed Cross-Fusion Multi-Level Receptive Field Network offers a new paradigm for FER
by effectively combining the strengths of global and local feature modeling within a unified Transformer-based framework.
Its ability to attend to subtle local details while preserving global semantic coherence leads to notable improvements in rec-
ognition accuracy on challenging benchmark datasets. Future work will explore adaptive attention windowing strategies and
integration with temporal modeling modules to extend the approach to video-based FER and other dynamic facial analysis

tasks.
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Figure 2 The proposed cross-fusion multi-level receptive field network framework for facial expression recognition
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4 CFSDWA [l #LfL
Figure 4  Visualization effect of CFSDWA
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PG FRAERFIE ) 42 Ja b SO S T S bR 7 R AE 1
Je 0 A T SRR A R 3 3 o e SR ik Y
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ST IS

2 Gz B A U 2 ELAAR SRR R 1 2 00 Sk A i
TR AZ B RN F2s 18], an el 2 o iR DLAL (8
AR T S K B, X AR R i
FME XIS PAT 8 A R . S EE R
AN [R) 8 B2 I 23 AR 45 LG T, 3 S i 3 % 3
5 x 5HNT x THREAZ BF KN BARGE SR/ A 3 %
3, MR r = 1,2, 350 H, SR & 70 3R W AE FRAE 4
B FBRAE W) m R TA R T Sk M RRIE T
PrE I A ZEMERGE 2 TR G o XT38 XAl

X, = CFSDWA(Q,,..K,,.V,..r.), 1 <i<n(12)
X,, = Linear(Concat[ X, ,,---.X,, ,])  (13)
A, CFSDWA (VIR 22 Sl & 1 s I 2 11 1
VIR P Y SRES SHITEH] 7 E WRA .S 8 THiN |
B n PHEE—E , RR BN AME TR ERS . P
I SER-WIPS/dL W A B S WsY PN S &R I A (a3
Tk G EKRESHD ={d, d,, ---d,}, N
b W R 1k N Ho=H, K E B Tk
H,=H - H BN EIKRDBCH kS h, = Hy/m, H
H m AR I K AP R SR, 3 22 M Sk AL X B
FIR) s i SRSz B R A T AR
TR S AR T ) i E AN R R K
RN B e 2 1) 58 SR 5 22 DU B G 1 45 (cross-
fusion multi-level receptive-field encoder, CFMRFA
Encoder) WK 5 7. CFMRFA Encoder 75 2215 5 1E
AT AR AR RS ORI B AL b, 7R A1 S i
P 1003 R 0 Sk SR FH A [) DR/ 0N ) 2 i AR A
(AR R REAS 7R 221N RS2 B L N 22 15 e A4 W) 2
WIIE SUE B BUNWIEZIK A B T R bRk
RFUE A SR P G SRS A, AR A1 I T 3 U fe A 1 g
g RAE T RIGFER 2R BT OCR . TEMRFIALX
Fill e B RIS ARAE X, R AR SR AE X, IS AL T
¥ X, A1 X, 8 5F CFMRFA Encoder JE 7T #8 4, e
ik R R A (14-18) o -
X! = CFMRFA(le,KCXP,V“p,ri) + X

exp exp?

1 <i<n(14)
Xy ou = MLP(Norm(XC'Xp)) + X, (15)

X|, = CFMRFA(Q.,.K,,.V,..r.) + X.,.,1 <i<n(16)

HBZIEM X, M X, St 2 90087 17 i Ab 3 A8 4 X = MLP(Norm (X;,)) + Xj, (17)
A (10-13) s Koo = Koot T Ko (18)
X o= CFSDWA(QI K V r_) 1<i< n( 10) J_:t':l:' ,CFMRFA()%%&XE@%%&@%%E@ MSA
expli mo DN expo ¥oexpoli Jo
== - N A 2R
Xexp = Linear(COnCat[Xew—l,...,xexp_"]) (11) ﬁE,NOFm(')EUE[ 4&%:¥’MLP( )%‘Eng@ﬂ’ﬂLo
72 D MLP é Xen.aa
X
Xop Xop XKoo el m FREOES, =)
| W oammT
i T Xise
Xin
- P MLP ? 2.
Xim Xim Xim
K5 28 kG 2 RIESZ BT Transformer T 2% (Norm (1) /& IH— 1L F s MLP () R 2 JZ B AIHL)

Figure 5

cross-fused multi-level receptive field transformer encoder(Norm(-)is the normalization operator; MLP()B is multi-layer per-

ceptron )
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3 ZWERSHH

T SR BT O R TR R R I S5 AT
Btk BN ER l H A BCE AR, DLW S 5 A T
ISR . B 25 S50 1 B S S BNy, DARE 7
PR B, e b RS A ety
X FL S5 AL, A R (S AR R e AR T, O — 2D E i
BT 53 BT 2 4 S B M /e 2 2 I B I VE R .
B Ja 45 G TH R SE R, a2 VA A5 AL X e AR RE Y
3.1 #HiE&E

RAF-DB (Li %5 ,2017) /& — A B0 S Al 1 5
FEE R R 5 05 29, 672 Ik 2L AR KIZ,
TATE AR MR FE B DRI S Ak, K
ARG A5 15,339 5k -, 40 12,271 5K
YRAER 3,068 TR KL, bR ik A LIS IEAG 25 - IR
Ok O AR BT DO RV

AffectNet (Ali Mollahossein £¢,2017) 2 H 0 &
KRS R B , & At 100 758 AR E&,
Hrh 2545 75K A 11 2G4 0 N TAR%: . TEADE
FECRIH T R8I/ A i, 725 Adi 1 287,651 7K
UGN GR, 7 2R HAE 4 5 8 25 76 )t 7 2 &Ltk o
ANBE o VI ZRFEAFAE SN A, ik 4 Ry g 2k
500 7K G 1 ™4 P-4 (3 4000 5K ) .

FERPlus (Emad Barsou % ,2016) & X%} FER2013
B S 1 B RRAR |, 4115 35, 887 5K 4848 [ JK A
1 144 (28,709 Y11 25 .3, 589 BriiE .3,589 M ) .
PRe& i 2 RE FoAn i I aE 8 R4 R
R GG TR DO RME R YRR, TEAN P
A SRy I 1 AR A %

3.2 SCIOZETS

JIT A S5 56 T PyTorch HEZL S B, JFE NVIDIA
RTX 3090 GPU W47 A 24GB LAl k5. Il
25 9 B batch_size “A 200, epoch 4 300, 2% > 3R JiF
SR PR B U R W, B U6 2% 2 Rk R 4 x 107, 5,
A B gamma=0. 98, Lk & K SAM, B4k 2% 4
Adam , tho=0. 05 , il £ P YK Hif ] A1 1) 75 4% 5487
AR /M

kg % ik 2 A -l () R 53 % R ESCR 0 23
S 5 hR 2 0 38 SURR IO AL G o I 8 FH i
BT % 55 Bl ML B 0000 15 5 7 v an A PR B¢

—JHHE N 224 x 224483 I H ImageNet ¥ {H 55
W22 e I —Ak o A 5 300 3T 2% IR-50
(Deng 4§, 2019) , T1 ¥ b & 43 32 2R FH A0 3 A6z I 2%
MobileFaceNet (Chen %5 ,2021) F T 4#1iE A9 $2 5, Wi
FITE MS-Celeb-1M (Guo %5 ,2016) L Fitill 2% .

3.3 KWER

AR SORE BT 1 Y 07 vk 5 3 LAR 17 FARR Y
F AT T 8, £ 45 SCN (suppressing uncertain-
ties for large-scale) (Wang 4§ , 2020b) . PSR (pyramid
with super resolution) (Thanh—Hung 2 2020) .RAN
(Region attention networks ) (Wang %5 ,2020a) . DACL
(deep attentive center loss) (Farzaneh 5% ,2020) . KTN
(Adaptively learning facial expression representation
via c-f labels and distillation) , DMUE (latent distribu-
tion mining and pairwise uncertainty estimation ) (She
% ,2021) . FDRL (Feature decomposition and recon-
struction learning ) (Ruan %% ,2021) . TransFER (learn-
ing relation-aware facial expression representations
with transformers ) (Xue %5 ,2017) \AMP—Net(Adaptive
multilayer perceptual attention network) (Liu %5 ,
2022) . Face2Exp (combating data biases for facial
expression recognition ) (Zeng 55 ,2022) \EAC (erasing
attention consistency) (Zhang 45 2022) . EDGL-FLP
(Enhanced discriminative global

-local feature learning with priority ) (Zhang % ,
2023)

FER-former (Multi-modal transformer) (Li 2§ ,
2023) , CLIPER (A unified vision-language framework
for ) (Li 55 , 2024) . MMATRans (Muscle movement
aware representation learning) (Liu 55, 2024) |, Expllm
(towards chain of thought )(Lan%,2025)

7E RAF-DBEURAE 11t LLansk 1 iR, JRaR T
CFMRFN 5 RAF-DB #dla 4 - HAb ik ry ek e
R AU B R L AL T Al SOTA T ik o Horp,
CFMRFN SE3 1 92. 14% Wy fe i 1HERA 3, LLRAL )7 75
CLIPER (Li 45, 2024) $2 5 1 0. 53%, 5800 $o il 1
P& TETEZ B AR TE P

T AffectNet i 4E B9 SCR A RMNE 1R
HT TS ] A 7 A o BB A3 AL RE Sy B
TR TELERE LML, CFMRFN B
i A5 3] T 67.35%, AL CLIPER &7} 1 1. 06%;
FENERIGHAE ST, HAEREES Expllm (Lan 5%,
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2025) 455 T 0. 58%, T HEH A RMAL HL2EIAR BT MR 38 R 0 3 4848 (1) JK FE &L, FL IR AL T

ST (R B s B A DR AR AR U fE 2 FER-former (Li 45, 2023) 42 55 T 0. 71%. it B
7 FERPlus £ 5 AU S5 SRR 1 i, rdl AUYEMR R s B A2 BR 4 1F R AT AT i i) 1) 1)

JrERARIAEN T 91. 67% HER 3, )48 FERPlus H'  HEJT.

&1 RAF-DB,AffectNet 1 FERPlus #{#F &= # tb %
Table 1 Comparison of the RAF-DB, AffectNet and FERPlus datasets

. wp  RAF-DB/ AffectNet/ AffectNet/ FERPlus/
Acc % Acc(Tcls) % Acc(8cls) % Acc %
SCN(Wang %5 ,2020b) CVPR 87.03 60.23 60.28 89.39
PSR(Thanh-Hung % ,2020) CVPR 88.98 63.77 60.68 -
RAN(Wang % ,2020a) TIP 86.90 - - 89.16
DACL(Farzaneh % ,2020) WACV 87.78 65.20 - -
KTN(Li % ,2021) TIP 88.07 63.97 - 90.49
DMUE(She % ,2021) CVPR 89.42 63.11 - -
FDRI(Ruan % ,2021) CVPR 89.47 - - -
TransFER(Xue % ,2017) ICCV 90.91 66.23 - 90.83
AMP-Net(Liu % ,2022) TCSVT 89.19 61.32 61.74 89.37
Face2Exp(Zeng 25 ,2022) CVPR 88.54 64.23 - -
EAC(Zhang % ,2022) ECCV 89.99 65.32 - 89.64
EDGL-FLP(Zhang % ,2023) INS 89.90 - 61.25 -
FER-former(Li % ,2023) arXiv 91.30 - - 90.96
CLIPER(Li % ,2024) ICME 91.61 66.29 61.98 -
MMATRans(Liu % ,2024) TII 89.67 64.89 - 90.32
Explim(Lan % ,2025) TMM 91.03 65.93 62.86 -
CFMRFN - 92.14 67.35 63.44 91.67

TE R TR IR A I e A 2R, R LSS R, =" RN SRR, el R P RIARS .

%2 RAF-DB.AffectNet # FERPlus 15 £ 8 2 g 1
Table 2 Comparison of single—class accuracy of RAF-DB, AffectNet and FERPlus datasets

LIS ik ik [P A T L % ity % U 5 M 0 B
RAF-DB CFMRFN. 9323  97.13 9058  90.88 6621  71.87  90.12 - 85.71
Tels/% BXEA 9161 9662  90.58  90.68 6631 6500  89.50 - 84.32
AffectNet CFMRFN 6733 8817 6701 6556 6500 5628  63.61 - 67.56
Tels/% LAWR 6612 87.08 6541 6555 6512 56.00  59.46 - 66.39
FERPlus CFMRFN 9419  96.18 9472  80.67 90.77 5333 6153 46.15 77.19
8cls/% TXEE 9308 9652 9346 8041 8929  43.66 6153 40.13 74.76

TE R R R RS A R R i e LA R, =" FOR TSR B, “els "R RIS .

T HE—F B CFMRFN X} T2 2R EW 4 J8/8 T CFMRFN 5 500 () 22 Xl & 7 RAF-DB

BBE ) IR TR AT T A, fER 2, FERPlus il AffectNet 504 42 LAY PEREXT L, gk 2
© [ E G R 2 Ui
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JJt7R , 7E RAF-DB B8 £ i, CFMRFN 76 o (B4R |
PV AR AR U A28 501 - i o B 2R 3488 1 90%., SR
0, 2R 200 A A SR AR XA, it PRI T2
YIGRRE A S /D ({281 5K LR F A | ihi Ho A 2 51
e PR AR AR R A 1, 000 5K EE) .
1 FERPLus 48 48 Hv | DR I RE A0 7 1~ 288 J31) 1 o
B R AR, 3 R S T3 S 280 A I Rk AR
ke (4300 R 116 A1 120 5K, /D FH A2 5] o X
T AffectNet BUE4E , ITAT FEA TR A BRI, JF HoR
3 U R A A Ak F BPAN AT . 530 AffectNet
(1 ¥ g i fIX T RAF-DB Al FERPlus 4 %5 [ 1)
EAE
3.4 EESWR

TV TR D7 s T Transformer £ B R BE LI
T 73k 53 T SR W X ASE R BB Y 52 1) , 45 SCHE RAF-
DB 4 4 b X 42 75k v Y Transformer B8 3517
N TR G BU Nt &= N Gl N R/ N e D WA B S ¢
i, XA FRAE TR S5 Ak e AR A A T X
Lt SE 5, oA Transformer 2 4§ FC & 19 A FH % 5 42 1t
et

1) X £ H /) Transformer #5288 £ 47 1 TR J 0
S 3BT L RS (] 0 288 % T ) T 8 2R A Ui
Ao VAL 2 ZURRAZ BFHLH B Transformer BRI 7E
I H412,3,4,5,6,7, 8} B AR5 R . gk 3
7, B BRI R B (3G PR R A P2 Tt R AE R EE A
6 IR BRI o SR, ARSI TR W 48 25 4 (TR Ry 7
) I, BEARIPEBE SIS A T B, X — BRI,
1 TR A9 Transformer 9 4 -8 — g 45 ke M BEF& Tt , 2
ZHM AT RET | ATUR R 2 28— E B
TG, DTS RS 10 ) R A PR i

2) T Transformer IR & [& 22 A 6 AR HE T 434 X%
T 37 3k A3 BEAS [R) R K 238 B X ABE 700 2 RE 1) 2 ), &5
RUMF AR, Y 8D T3k 2ol kN Z
B 18,0,01 /3 Ae SRS AAF] 91. 43% (I IR %
FEM B — RUBE () B2 R R (RS SO TR AR — 2 Jm)
MR M Z T RSB 10,4, 41 B ERR
AT 2 91, 79% , B v IRz BT A AR 4 Jmy R
Ja R R SCH R E . SR AE 14,2, 21 TR E T,
BRI 3] 91. 98% HY HERA R, BailE 1 /MBS B X JR)
PR AN AR TR A RAR R . YR T Kk E N
{2,3, 31 BRI VERE SR T e fd, IR 31 1 92, 14% 1Y
PUIERf 2, WAl G AN W] RS 1 )8z B 45 8 % T

#&3 Transformer REIFEREH(2,3,4,5,6,7,8} HYiR7]
BES
Table 3 The recognition effect of the proposed Trans-
former model at depths of {2,3,4,5,6,7,8}

AL i RAF-DB/Acc % A RS HUM
8 91.75 61.03
7 91.69 57.37
6 92.14 53.68
5 91.69 49.99
4 91.56 46.30
3 91.92 4261
2 91.69 38.92

TE L P R R IR B i L 228
PETH IR AT B BE T B R E AR

R4 FEH 6K CFMRFEN & /1L #80 H EE g

Table 4 Allocation strategies of attention heads in

CFMREFN at depth 6
RAF-
TR Rk E=8 DB/
Ace %
IINERAZ B8 HR R AZ P X0 KIRAZ BF%0 91.43

A2 HFX0 Rz Efx4  KEZEFx4 9179
NEZE 2 PEZE 3 O KBRERE 3 9214
IINEZ B x4 Bz B2 KERZEx2 9198
TE IR R 7R RS2 B A e AR 45 2R

2k
]

C

il

s

g
G

3) SRS [F] 3 2 AL AR A PR R S
RORBY 2 642 Jm e ) B s E D Ml
R DR AT T R LS8, 25 R AR S R .
ARG 2% B SR | 42 Jy T8 7 1 T5 76 T FAIE token
i) 57 K R, SR fe i 52. 8ML TS B O kPR
Tl 290 Bl 2 R I AR A% B i i BN R ik B 1
Jry R ARSI 5| AR SRS, i S8 5 FLOPs
H— R 41, M A1 6. 8G, MIHBIVERENRF 15 3h
i B 8 11 19 3% 1 7E RAF-DB Hl AffectNet |37 HUf5 5%
FEZER 92, 14 F167. 35, [M MO T sh i 1 5 4R
B, RSMEEERH , @RERS5IATIRT =
K F M4l Jey R e 1 PR X 3k (5 B e L. W s
K 73 e ORI 5 52 A% B Y [ I 97 O S0k 2
B SEBT R AN S i DX SR A, TR A
LR AIPERE

© h[E KR KL AR



=R, X, HFE, T, TEE, 78
RATHEIBRIERANZ IR E & TR T EF M %

RS AREENTHMELER

Table 5 Comparison results under different attention

RAF-  AffectNet

- B HEE N
=kl (Param) > (FLOPs) DB (7cls)

Acc% Acc%

RS 51.8M 10.3G 91.24 66.80
W 43.7M 8.4G 91.43 67.12
WHgkE O 41.8M 6.8G 92.14 67.35

E UL P RS R B S R AL A 25 2R

3.5 HELXIG

Y UE i YA AL v R 0 B A R L 7E RAF-
DB Fll AffectNet B4 AT IHEL AT, T A AL 1
K AR ) 04 52 3 1, 45 4N 2% 6 T, I 1E RAF-
DB il AffectNet £(45 5 b #E47 Al AL 5317 -

#& 6 TERAF-DB. AffectNet #IE & XS HAEMHITHRM

R
Table 6 Ablation study of each component on RAF-DB
and AffectNet datasets
RAF-DB/ AffectNet/Acc%
Frk: Acc%
Tels Tels 8cls
CFMRFN 92.14 67.35 63.44
wlo 22 IRZ WY 91.43 67.12 62.04
wlo W BN K5 1 91.24 66.80 61.51
wlo 38 XLl 90.26 65.35 61.12
AR 88.14 65.95 54.70
PR TR A 80.18 48.78 45.34

T L SRR R R R A B A 2R, who ARFRBEAT

1) 9 T B0 UE AT £ 11 1958 SRl 22 G sz By s
Pt G PUNE 55 A 35k A e T L 7% B —
Ji by a7 BT 1) ¥ Bl K 7 11 T B ) RS B Trans-
former B AY , FRAEAH R B F b T4 L. MRPEEL 6
() SC B 25 3, YR Bk 2 A2 B I, BB AE
RAF-DBHla 46 FBYHERR R T FE T 0. 71%, 7 Affect-
Net P EAE 55 43 3 R T 0. 23% Fil 1. 40%. 1%
SRR 2 RIRSZ 1) 5 | AAT B TR A B 4 T M
R T 8 D DX, A T e 31 2 B

2) R T SRR A B R K R A R R
ST 08 T S I T 7 10 ML R A R A o Y
J1, CLVEAS 1 sl B A o 10 0 sk . R d e A R A

RAF-DB 5 AffectNet £ 45 4 [ 0 B34 T F F%
U0 S I K 7 11 7E £ TR FER AL X 350 ¢ X
SR ERARE O R AR T W VE R i T R Ak
TR I

3) N T B EE 38 UG S W A R
FEHHRAE 5 bR R A SR 2 AN A 2
P A2 57 ) Transformer Z it 7 AL PR IS 351747 E 5K
1, S2EG45 8K , 78 RAF-DB SR 4E |, %0 IRy
2 B PERE A2 SRl G SR IR A 0. 98% , 38 SR HIL
M I A 5 R BB TR R S S X sk S TR RE
T3, FE R XSS A AR D 5 5 28 0N 25 S R A Pk
RIET RHAER

4) REIEFRNE F T M4 TR-50 5 ke £+
£ MobileFaceNet [ 45 &1 , 43 1R FH Transformer
Xof B — R FRAE PN — T AR A R AR A T AR 5 1
filic F 6L R, 78U F B —FEAE A5 1l
T AR BIRG B I T P 2R RRAE A B A A R 1
A T 1 5 DA i R A M, B EE S
A% 0 HE T UM 1 R BE

5) R T SRR 5 ik R A AN AR A R R
JH t-SNE (Maaten %5, 2008) %} RAF-DB %4t 4 v 48 5t
AN TRV EELAE ) v 2 R AE T AL T ] 6 BT, 3 2 S
A LAFFRRAEZS (8] P 5 40 A0 1 O, % T XA AN ) 3=
55 22 B R R AR AR DL B TR S 3155 =22 Tl 1 22 57 Pl
PR3] T T, FHord (b) B B 3k i Rz B ik
BN 3 x 3T IR ZE R .

6) A T HE— 20 BN AR I B RN
TR AR A A AT CFSDWA AT RRAE SR . A Affect-
Net Fi0H 45 Hrse BT 8 A28 iy T s P4, I3 o &
7 5 BTk S T RS A 28 SR B B 1Y) R G RRAE
HERIIATAEE S o UG A T AR A AR B D
15 A 1) 5 28 F G 1) OGS TTRRAIE | DA A A e
LN T 3 6 R o ) SCBHRRAE

4 4 it

ASCHE T TR G TR 9 28 SRl 2 )
JEZ Y X 26 (CFMREN) | fiff e 1 318 2 175 24 () AH U
PR RIS PN 22 S R IRl Pir 4y 3 2o 28 SR
Transformer 2 i #5% S5 BT B AR 2 R AE RN F 05 AR AE 1Y
2EH. A 2] FH TH B AR A AR R 7 | A 28 DG 3 T
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11

© h[E KR KL AR



PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

5

oY

@TXRME “ DA BT OEES T )R RA S REEEFRNE
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Sl + 2 RS BT AR

Figure 6  t-SNE visualization of high-dimensional feature distributions on the RAF-DB dataset under different component configura=

tions((a) cross-fusion; (b) cross-fusion+sliding dilated window attention; (c) cross-fusion+multi-level receptive field detector)

F7 AR s MR S 1 F T A A

Figure 7 Visualization of facial landmarks and sliding-dilated window attention

TR I FIXT A 2 R AGFRIE R R BLRE . R MR
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AffectNet F1 FERPlus 55 2~ A FF 54 L3 HUS T
PLSPERE, Sk T 48 ) iEAE 3R 2R M X A e T S
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JRUE T E I I AE RS B SRR | SRR
HE AELXT BN ARG A i ez 000 AR 35301 25 75 g A ot o2
I T EFAMEE RS 37 5 PR AR, B IR T ik e =
HIE N RE T . AN [ B ES A R ST
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