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Abstract: Objective Facial expression recognition (FER) is a fundamental technology for understanding human emotions
and human-computer interaction, possessing extensive application value across diverse fields such as intelligent surveil-
lance, educational assessment, and healthcare diagnostics. Despite significant advancements driven by deep learning,
developing robust FER systems remains a highly challenging endeavor. In uncontrolled real-world environments, the high
visual and macroscopic similarity between different emotion categories—where distinguishing features are often confined to
subtle local deformations—complicates accurate classification. Historically, the dominant paradigm in FER has heavily
relied on Convolutional Neural Networks (CNNs) pretrained in a fully supervised manner on massive facial datasets (e. g. ,
MS-Celeb-1M). This conventional paradigm incurs exorbitant costs due to its strict reliance on millions of manually anno-
tated labels. Recently, Vision Transformer (ViT) architectures have emerged as a powerful alternative due to their superior
structural capacity and ease of integration with other modalities. However, a critical gap remains: current ViT-based FER
methods often exhibit highly variable performance, and purely "plain ViT" models typically underperform compared to
hybrid CNN-ViT architectures. We identify that this discrepancy primarily stems from a-lack of systematic investigation
into the pre-training and post-training strategies specifically tailored for plain ViTs. Therefore, the primary objective of this
study is to systematically explore whether plain ViT architectures are inherently suitable for FER tasks, and to formulate an
optimal, highly efficient pre-training and post-training paradigm that mitigates domain gaps and enhances fine-grained fea-
ture discrimination without relying on complex auxiliary modules. Methodology To address the aforementioned challenges,
we first conduct a comprehensive empirical review of prevalent supervised pre-training, self-supervised pre-training, and
post-training paradigms under a unified experimental setting. Our preliminary analysis reveals that simply adopting general
visual training paradigms (e. g. , supervised pre-training on ImageNet followed by standard cross-entropy fine-tuning) fails
to adequately capture the subtle facial deformations critical for FER. Consequently, we propose an innovative, unified two-
stage training framework termed Masked Image Pre-training with Mixed Contrastive Learning (MIMIC) designed exclu-
sively for plain ViT architectures. The first stage focuses on self-supervised representation learning to eliminate annotation
reliance. We employ a plain ViT encoder and pre-train it on a mid-scale general image dataset (ImageNet-1K) utilizing a
Masked Image Modeling (MIM ) task. By randomly masking a high proportion of image patches and optimizing a reconstruc-
tion loss to recover the missing pixels, the network is forced to learn highly fine-grained and discriminative visual represen-
tations. This self-supervised approach successfully shifts the pre-training data source from domain-specific face datasets to
general images, significantly reducing manual annotation costs. The second stage—post-training (fine-tuning) —is specifi-
cally designed to bridge the severe domain gap between general images and facial expressions, while simultaneously
addressing the high inter-class similarity of human emotions. After discarding the MIM decoder, we adapt the pre-trained
ViT encoder for the downstream FER task. Standard cross-entropy loss or traditional supervised contrastive learning (SCL)
tends to apply rigid, "hard" positive/negative sample divisions. This rigid grouping inadvertently ignores the valuable dis-
criminative information hidden in samples from different emotion classes that share high visual similarity (e. g., "happi-
ness" and "neutrality"). To overcome this, we introduce a novel Mixed Supervised Contrastive Learning (MSCL) strategy.
Based on the standard SCL framework, MSCL incorporates a data mixing strategy (combining Mixup and CutMix tech-
niques with blending coefficients sampled from a Beta distribution) to synthesize augmented images and their corresponding
blended labels. These mixed samples are projected into a dense hidden space. Depending on the distance between the syn-
thesized labels and the anchor labels relative to a predefined threshold, the mixed samples are dynamically categorized as
soft positive or negative pairs. This substantially expands the diversity of positive samples and enhances the model’s capac-
ity to scrutinize subtle facial nuances. The final optimization objective is a balanced combination of the standard classifica-
tion loss and the MSCL loss. Results Extensive experiments were conducted on three widely recognized and highly challeng-
ing benchmark datasets: RAF-DB, FERPlus, and AffectNet-7. To ensure fair evaluation, a plain ViT-B/16 was employed
as the primary backbone. The experimental results conclusively demonstrate that the proposed MIMIC framework consis-
tently exhibits superior feature learning capabilities. When evaluated against strong baselines—including fully supervised
approaches, standard contrastive learning methods such as MoCo V3, and conventional masked image modeling techniques
like MAE and LocalMIM—MIMIC achieved the highest accuracy across all three datasets. Furthermore, the MIMIC para-

digm demonsirates remarkable scalability. When scaling the model size to ViT-L/16, no performance saturation was
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observed. Specifically, without utilizing any CNN feature extraction modules, additional parameters, or complex relation-
aware networks, our plain ViT-L/16 model achieved an outstanding accuracy of 91.26% on the RAF-DB dataset and
91.24% on the FERPlus dataset. These results successfully surpass a wide array of current state-of-the-art hybrid meth-
ods, strongly underscoring the untapped potential of pure attention-based architectures in FER. Comprehensive ablation
studies further validated our specific architectural and training design choices. For the contrastive loss optimization, utiliz-
ing a dense projection head proved significantly more effective than a linear one. Moreover, for bridging cross-domain dis-
crepancies, Global Average Pooling (GAP) was found to be superior to the standard class token. Interestingly, pre-
training on the general ImageNet-1K dataset yielded better downstream performance than pre-training on the domain-
specific MS-Celeb-1M face dataset, indicating that the superior image diversity of general datasets facilitates more robust
representation learning for MIM tasks. Finally, parameter sensitivity analysis confirmed optimal stability at a batch size of
64 and a temperature parameter of 0. 07, while t-SNE visualizations of global features intuitively confirmed that the MIMIC
strategy achieves exceptionally clear class separation and significantly alleviates instance-level identity confusion compared
to traditional supervised training. Conclusion This study thoroughly validates the innate suitability and immense potential
of plain ViT architectures for facial expression recognition. By systematically analyzing the limitations of existing training
paradigms, we successfully formulate the MIMIC methodology. By substituting supervised pre-training on massive face
datasets with self-supervised masked image pre-training on general datasets, we significantly alleviate the reliance on costly
manual annotations. Concurrently, the introduction of the mixed supervised contrastive post-training strategy effectively
mitigates severe domain discrepancies and solves the challenge of inter-class similarity by expanding positive sample diver-
sity. The proposed paradigm proves that combining self-supervised general image pre-training with advanced contrastive
post-training is a highly viable, robust, and cost-effective pathway for constructing high-performing, pure-attention-based
emotion recognition systems. Future research will focus on extending this highly effective training paradigm to broader
affective computing domains, such as multimodal emotion recognition and video-based sentiment analysis.

Key words: Facial expression recognition; Self-supervised learning; Vision Transformer; Masked image modeling; Con-

trastive learning
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W REAT V- b Ak, I 18 Ho AR L [R]e A 26
BB TR A5 W B T Lo R . Hrp 7 i —
MR T 58 RN FUINE 55 5 1R 5 B A
Py I BB A — B, T TR Ly
> B SRAE , S 56 B 0 4 X B LR R AT A [R] 45 A

BEAf.
2 X B

2.1 HIEE

RAF-DB(Li %5, 2017) 4 &% 24 3 J7 i 1l EHE
315 A bRTE bR T 3EA B & R . A S Ul
FHH LR AR A (R 2% CiF AR D%
IRV (9 T4E , 048 12,271 K14 ES Fn 3, 068
EIQUIEYEE

FERPlus(Barsoum 2£,2016) & FER2013 ${ {5 &
(V5 A ICML 2013 $k f&3% ) i el R A, 38 35 AR A5
0t A G b i LA TE SRR 2, e A
FLrt L3N T REE SO LA TE 8 KRR B H
28,709 5K 1124 1% .3, 589 TR B UE P51 3, 589 Kl
HKEE .

AffectNet (Mollahosseini 45 , 2017) 2 H [ FL A
T I [7) B 4 (At 2 2 b 25 55 25500 - i O8R5 s 2 11
P e il T4 R G O I B o — & Tk EE
HrAr 2y 440,000 5K 28 N TARUE T /AR RAG , K515
o AFE I B AN A F5 IR IR A SR, AffectNet
7 R AffectNet-7 (A 75 52 3 ) Fl AffectNet-8 I 4~ it
A, AR AffectNet-7 T4 4055 3, 667 5K I 25
SN 500 5K IR RS
2.2 RUET

RN A, S8 BRIA LA VIT-B/16 1 kB
TM2&, Ll ImageNet- IKAE N AU ZREE 4 . 025
B BE 11 4 6 5 s T 25 50 B0 A He 45N (2022)
MAE & 3CH R E TR A B2 58 bR 25 0 B B

tIR 0. 5,0 BN E 0. 1o I i A BUR 20 5
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Jo R 22 224%224 S HE AT Xie 57 N (2022) 3CHD
(%) 50 4l 14 i SR G, o) g 5 LG AR R A R BT LA
SNBSS — R Adam AL AL A AU R R 5%
1074, W R 27 2T 50 1x1074, 2 WR K 0. 65, 4 XF
AffectNet [14 28 5 AN -7 [m] 81, SR FH SF- i SR 5 56 s
T % B BE , RAF-DB i1 FERPlus Il 2k 50 4~ %8 W%,
AffectNet YII 25 10 MUK T A 5290 3T PyTorch HE
2 1E NVIDIA A100 GPU |58,
2.3 5EZHEARE

AR SR HUHE T = I 2R SR W 1 DO e 5 A Ay
24, BILL VIT-B/16 B T2 IF 45 0 a7 500 263k

R w5 4 B ik % 2 3T 7 3 (MoCo V3
(Chen 45 ,2021) ) LA K e it MR A )5 15 (MAE (He
45 .2022) ) Fll LocalMIM (Wang %5 ,2023) ) . [l 4 i f5
J7 15 7 ImageNet-1K I 11 5 , 8K 5 76 %5 i FER
BARLE FEATIOR . B MIMIC &b, Hifth )7 v 2
SO 5 I 25, S R BoR AT kA =AY
R LI T A L. 7F RAF-DB il AffectNet
b, X e T T R MM i 47 e B )1 R
W&o AR DTG AT MIM 58 R AE 4 2 e 71 5 % 1
2] W AR A N B T, TR P A AR RS T
AL ERE . SR 7E FERPlus I, LocalMIM #1 MoCo
V3R I R RO BN 2k, sk i FERPlus 5
ImageNet 2 [A] (45038025 5 3% o %F LU AROUR A 50Kk &
TaK—2EHE AR R T e i, R T
FLAE AR 25 ] PR 1 2 ()RR AU A A
2.4 S5mE#HTENLE

& 1L E T 3A 7€ RAF-DB . FERPlus £
AffectNet [ 25 i DU E5 5, FR40K 4l A5 78 B H:
K E K4y CNN., CNN-VIT I8 & 2285 F 4l viT =
X TEAR MR, S OTIRTEE T M4 TR 280
YRR w45 7 T AFAE 25 5, Rt R v 45 2R 20
TR A ST WA A W8 rh AR X &, I AN
SRR AR B R AT LR . ARSI SRS R
YIRS WA R E I E , FEARIE R 4 Fk 2 g
— SR E T AT S RS

TEAL S CNN Jrvkh, 280 T /E R ResNet &
IWE R & T M4, I HOBAE MS-Celeb-1M 1155 A
B E R4 A B I 25 . X D7 VL 7E RAF-
DB Fl FERPlus 5488 4 1 HUAS T Fa i M RE , SR AR
RIGE ) =22 BT RS H4 1) JR S A A AL

it — AR THERE R FE ] A CNN-VIT iR

BB il PR USRI , 5455 Transformer
BRI/ CR X R EAE—E R LRlA T WF
LRGSR UG T A i v %, E L BB 4R R
AN R SR S B 5T R B i

FHLLZ N, 21 VT J7k il Tt = 6 B 90 I
TR F G TR 55 rh A I AL T 45 3, 38 0 77 24
Bl FH OB 0808 w5 2 24 11 455 s A RE S nl B 32 1k
BE . il #5433 T VIT-B/16 09 T /E 76 A% 1 Ima-
geNet YN ZR 454 T FRIA S CNN J7 i, ixX & 2
FAF 5 3 10 1) SR TR A5 A A L A

ARSCEE R JHEANT | AT AT 6 B He a7 4
SERIBRTEE T L 3Bk BT T ZR 5 T I 2R ms
Wit JAE VIT R AT DLARAS HA 38 4 ) & 405
AIPERE . BRI, 3T ImageNet-1K [ Wi Il 25
f) ViT-1/16 7E RAF-DB 1 FERPlus $3 4 143 %135
£ 91.26% F191. 24%, # T Z 4 CNN KR &
Peo X —ZEFEULH BRI 4 VIT Pk 58 ) 56 5 R K 5F
SIS BITETY SR T o5 me ]| 2R iE= WO
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Table 1 Experimental results (%) of existing methods on the test dataset.

RAF

Tk B R4 R g S ]m_ FERPlus  AffectNet
DDA (Farzaneh 1 Qi % ,2020) ResNet-18 MS—Celeb—1M  86.90 - 62.34
SCN(Wang % ,2020) ResNet—18 MS—Celeb-1M 87.03  88.01 63.40
ig;l]\; (Gem ] kot 7 5 ResNet-50 MS-Celeb-1M 89.02  89.42 65.14
DMUE(She % ,2021) ResNet—18 MS—Celeb-1M 88.76  88.64 -
RUL(Zhang % ,2021) ResNet-18 MS—Celeb—1M 88.98  88.75 61.43
DACL(Farzaneh F1 Qi % , 2021) ResNet—18 MS—Celeb-1M 87.78  88.39 65.20
MA-Net(Zhao % ,2021) ResNet-18 MS—Celeb—1M 88.40 = 64.53
EAC(Zhang % ,2022) ResNet-18 MS—Celeb—1M 89.99  89.64 65.32
RC(Feng % ,2020) ResNet—18 MS-Celeb-1M 88.92  88.53 64.87
LW(Wen%,2021) ResNet-18 MS—Celeb-1M 88.70  88.10 64.53
PICO(Wang % ,2022) ResNet-18 MS—Celeb—1M 88.53  87.93 64.35
;v)vzirslr)led—Att (Devasena #l1 Vidhya, iG] ~ e ~
LFNSB(Chen % ,2024) MFEN MS-Celeb—1M 91.07 - 66.57
Ada-DF(Liu % ,2023) ResNet-50 MS—Celeb—1M 90.35 - 65.34
FerNeXt(El-Khashab %, 2023 ) ConvNeXt ImageNet-1K  88.56 - 64.77
MGFA(Yu %, 2025) ResNet=50 ImageNet—-1K  88.90 = 60.60
HFE-Net(Song % ,2025) EfficientNetV2 ImageNet-21K 8729  88.72 58.55
APVIT(Xue % ,2022) ResNet—50+ViT MS—Celeb—1M 90.53  89.35 63.92
MVT(Li % ,2021) DelT-S/16 ImageNet-1K  88.62  89.22 64.57
VIFF(MaZ,2021) ResNet—18+ViT-B/32 MS—Celeb—1M 88.14  88.81 64.80
MRAN(Chen % ,2023) Hybrid ViT MS—Celeb—1M 90.03  89.59 66.31
FG-AGR(Li%,2023) Hybrid ViT MS—Celeb-1M 90.81  91.09 64.91
MTAC(Liu % ,2022) Swin-S ImageNet-1K 9052 90.4 -
MAE-ViT(Li %, 2025) ViT-B/16 AffectNet=270K  91.07  90.18 66.09
MAE-ViT(Li % ,2025) ViT-B/16 ImageNet-1K 8849  88.29 =
SSFER (Song % ,2024) ViT-B/16 QQiii;CG 88.23  85.82 64.02
Pazandeh Fl Fatemizadeh , 2025 ViT-B/16 ImageNet-1K ~ 88.14  89.71 -
MIMIC ViT-B/16 ImageNet-1K ~ 89.02  89.74 65.35
MIMIC ViT-L/16 ImageNet-1K 9126 91.24 65.62

T L PSRRI R 45 R =" B XN TR AR AR BN G B . R4 ok AR I SCIRIGE . i T8 Nk TE B T4
PN ZRBE IR ISR Ty T A7 7 2 5, AR 3R F2 2 T IR AN () 7 3k ) SR SR 17 3 2 7, AN DRy e 4 il AL B
2V HU o AR SO T BN 55 I I 2RSS A 5Pk (9 2 32590 A [ 4 e 2 i 4 — B S0
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Table 2 Ablation on the proposed strategies for pre—training and fine—tuning stages

Tk T
RAF-DB FERPlus AffectNet
Supervised MIM CE SCL MSCL
v v 87.33 87.91 60.05
v v 87.52 1 0.19 88.06 T 0.15 63.10 1 3.05
v v 87.60 1 0.27 88.21 1 0.30 63.62 T 3.57
v v 88.14 1 0.81 88.42 1 0.51 65.05 1 5.00
v v v 88.87 T 1.54 89.43 T 1.52 65.26 1 5.21
v v v 89.02 1 1.69 89.74 1 1.83 65.35 1 5.30

1 : CE SCL Fll MSCL 435l e 78 38 XU e | WaB X} He A e FINR & W B X Eb it 2k

5N R SR AE G o A BN 78 KB
J6: B A b EAT MIM T 25 A0 280 0 R ARE A5 6
SR 4 25 T iR, 78 MS-Celeb-1M I Fiill 2k B R4 R
FARME T AE ImageNet-1K A FINZR A SCHEWT, I
HTE T AR B A ER 2R 2, S BUN %%
Sy WU - FLA#E , SCHik MAE-ViT(Li 55,2025 ) & 3UAE
KI5 L A T i 3 R 2 A
U AT AERGE A SO B S BROACR
SE7E ImageNet-1K [ T il 5 \ F-7E TR 215 TR 51 2
& R § [T S

R3 RPERITMH

Table 3 Evaluation on Projection Module

Bk RAF-DB FERPlus AffectNet
J 87.68 88.65 65.14

2k 87.18 | 0.50 8843 | 0.22  64.62 | 0.52
B 89.02 T 134  89.74 T 1.09 6535 1 0.21

&4 WUISGBIRTMS

Table 4 Evaluation on Pre—training Dataset
Tl R
MS-Celeb—1M 86.18 87.35 61.62

RAF-DB FERPIlus AffectNet

ImageNet—1K 89.02 1 2.8489.74 1 2.396535 T 3.73

2.6 SEEBRMY

Bl 5 R T A SCH TR FAE A B 48 L, 4 X
AN AERE AR KN AU Z 8w DL SR EE S48k
tHPERER L.

fE RAF-DB 4 [ GE4ERE Sy 128 IR B A
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4 M 7E FERPlus Z048 45 I, 48 5 R 512 B ROR 5
I o HER KNG B IEREACR SR REAR A B . 7F A
W XE 2 2] e 3 SRR/ INER B G, PR A 3 A
REPRUL T Z 1 FURRAS . SR, 76 TR 2R 1% W BIE 55
TR A WEB T LSO A R TR, AT
THREEAR B IEREAR SRR AS R A v B0 6t PRt
TG 5 38 3 B8 KA ORI BUE Z ke A, ek, R
FAFRBIME S5 92BN B R be , il H R 72888
e i RIHER R/ R S BGE A . SEEAs R
NG TEPIAN B AR b R /N 64 B U T A%
fEPERE .

R 2 8w B Ry gt BRI R 1R BE
F1, GNP AR 2 ] A 22 1, SEEG w0 BUE N
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(a) Linear Probe (b) From Scratch
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(c) Supervised (d) MIM

K16 FERPlus 4R AR P Y -SNE 7] L4k
Fig. 6 t-SNE visualizations in a global view on FERPlus valida-

tion set

K 6 i 1 t-SNE( Van der Maaten £ Hinton, 2008)
ALAAL T PO Rh 7 1 B S VIT-B/16 gt 28 5 m — 2 4
TEB — 404 . HiP Linear Probe 8 Uk 45 MIM 25 15
e ALY 5432547 5 From Scratch 5 FEHL R tH 46 5 B
Fevim B i I o P 3 0l ot 2R TN e Ao B B
JIr 2 RAE S X o3 B Ty 85058 (T8 6 5 —47) o TR E
TR S W 0 2R R X)L M T 5 5 A SO s [
BN (B 655 — A7) AT LAE th , A el 7
T W R0 03 B A SRR T S B A IR )

3 & it
AR SRR LA VAT TR U b AR

JE IR AR A SRR I R A TR 4 TR PR
B 25 55 1R WA e 2y 2T A ES 5 B9 MIMIC I 25

X, LSRRI X kR A SR TR A
ViT (R AEBE ) 5 15 08 B AR T, ZEAN T I A B R
BOREi AN 2 S5 IR0 T BUS T A e
PR RE . JCHAE VIT-L/16 3% 8, A U B 1
RAF-DB #1 FERPlus £ 45 4 173 51l 15 3] 91. 26% #
91. 24% M HERR R, B0IE T JF AR ViT 786 BRI 255K
T F R AT

SRR A2 T BRI B AR VAT A 1T S
FF WU P R B SIS S M S5 F A B, T
1ETF 25 B bi5 a2 SO 6 324 R G U
AR E HI TR o Ak TARKE— R RIZ I3
W (VB A RE N A N | Y BLIE AP NS L )
TG H 18 318 A
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