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» Training transformers require large-scale data S N‘m 15 Flower ImageNet-1K  (IN-1K, 1.2M samples). Self-
3 " IN-1K supervised Auxiliary Task (SSAT) consistently
> What about small-scale data distribution? g fomscratch 0/ from scratch outperforms others on all three datasets with two
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- Use pre-trained models % -15 Self-supervised Learning (SSL) method, SSL+
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Training SSAT

* Two streams -> Primary + Auxiliary
* Primary stream — Performing classification of the image

* Auxiliary Stream — Reconstructing the input image from 25% of the input

e Total Loss = ALOSSP,,ima,,y + (1 —A)Loss Auxiliary

/ Straightforward implementati : - . seame
‘ raightforward implementation Self-supervised Auxiliary Task (SSAT) Which SSL task? i

* Inflate the input batch of images with two set of Augmentations _ k‘“‘:‘
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Top-1 classification accuracy (%) of different VIT variants with and without SSAT

itting? Compariso
on CIFAR-10, CIFAR-100, Flowers102, and SVHN datasets. All models were  D0¢S SOAT promotes overfitting pari

* SSAT trained with outperforms on 12 Computer Vision tasks

n of SSAT with SSL+FT Appropriate SSL for SSAT Ablation for loss scaling factor

100.0 ~e~CIFAR-10
_ Train | Kg CO, ~o-CIFAR-100
Method | GFLOP CIFAR-10 CIFAR-100 IN-1K | .. % S
trained for 100 epochs. Method | INIK CIFAR-100 INGKp etho s ime | eq SSAT (SSL) CIFAR-10 | CIFAR-100 00 S -
ViL-T 65.0 251 483 g;atg ) 4;3? . ;gg 231; 7605609 gg g Zg SimCLR (Chen et al., ICLR 20) 55.21 36.49 Z 800
SSAT @ 72.7 37.6 59.6 * b ' ' ' DINO (Caron et al., CVPR 20) 80.07 60.6 5
Method # params. (M) CIFAR-10 CIFAR-100 Flowers102 SVHN u SSL+FT | 043+1.26 | 86.43 6328 711 | 8 | 8.1 MAE (He et al., CVPR 20) 91.65 69.64 8 700
VITT (Touvron ot al, ICML 21) 52 7547 551 1541 5504 ViT-S 74.2 22.5 62.7 SSL+FT | 0.43+1.26 88.72 67.53 7407 | 104 | 10.33 S CLAL, . . < \
- oy . . . o . ~% a
+SSAT 5.8 0165 (+12.18)  69.64(+1453)  5712(+11.79)  97.52(+5.48) wisie el S o Ous [ 167 | 916 08 2 B [ 1w e e
ViT-S (Touvron et al., ICML 21) 214 79.93 54.08 56.17 94.45 50.0
+SSAT 21.8 94.05 (+14.12)  73.37 (+19.29) 61.15 (+4.98) 97.87 (+3.42) : : : 0.1 0.3 0.5 0.7 0.9
VTS (Wa ot sl IOV 3D 55 500 350 <179 TS Performance of SSAT based ViT on Medical and DomainNet datasets ambda (A]
+SSAT 20.3 95.93 (+6.91) 75.16 (+1.66) 68.82 (+14.53) 97 (+5.53) | | |
Swin-T (Liu :; SIKTCVPR 21) 22993 - 259():417% ; = 23 -(23 " & 7234245’}1(] - = 8; 1(;6104 " | Method Chaoyang PMNIST Method ClipArt Infograph Sketch
ResNet-50 (He et al., CVPR 16) 756 9178 7280 2697 0645 D Scratch 77.37 20.22 VIT-T 29.66 1177 18.95 - -
& ' ' ' ' ' : : ViT vs. VIT+SSAT for Ilonger
= IN-1K pretrained + FT 78.78 91.99 +SSAT 47.95 16.37 46.22
> Scratch + SSAT 82.52 93.11 CVT-13 60.34 19.39 56.98 training epochs
o Scratch 80.04 91.19 +L 4r10c (Liu et al., NeurIPS 21) | 60.64 20.05 57.56
; IN-1K pretrained + FT 80.18 92.63 +SSAT 60.66 21.27 57.71 =
SSAT for Video DeepFake Detection Scratch + SSAT 81.25 93.27 " S ek
S 80
= . - o 70 +— —% 4
o | o | omstome = GradCAM visualizations < oy
Encoder | - r p—— L 60 —
- f Dcc:dc patches Lssar & "/’-
f |  Self-supervised Auxiliary Task (SSAT) 100 200 300 400 500
s Epochs
Source
' Al Transt
T o {160 ot | |G
AlX MIALX)) cls
ManiPUIations dropped at inference , Mmoryrask u n n
| ViT vs. ViIT+SSAT for different
_ , . _ ORIGINAL IMAGE SCRATCH SSL+FT | OURS fraction of data.
Figure 11. Mask Autoencoder as a Self Supervised Auxiliary Task for deepfake detection.
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Method # enc. params. | epochs | CIFAR-10 | CIFAR-100 § c0
CVT-13+L4ri0c (Liu et al., NeurIPS 21) 90.30 74.51 40
Method cross-training evaluation zero-shot transfer CVT-13+ SSAT 20M 100 95.93 75.16
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» We presented a very simple method of using SSL to train ViTs on
domains with Limited data

NouraiTesEires \ « SSAT — Jointly optimize the primary task with SSL as an auxiliary task

 Effectiveness validated on 10 image classification datasets + 2 video datasets

* If you plan to use Vils on a small training distribution, consider using SSAT! /




