2Tnria

f()I' ViSiOﬂ TI'aIle()I'meI'S? [van Laptev2 Hervé Jégou1 Edouard Gravel 3Sorbonne University

00 M eta Al Is Large-scale Pre-training always Necessary  apacdn ELNowby 12 Gautier lsacard* 2 Hugo Touvron? Wieta AT

SplitMask Visual word targets with no training Results

— e = Multiple simple methods that require no training can be used to generate the SplitMask provides performance on par, and in some cases improved, when pre-trained
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SplitMask is a denoising autoencoder that consists of three steps: S el z 2 ;
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- Split: input image is split into 2 disjoint subsets and processed separately with a
ViT encoder with shared parameters. 64r Zol 41 o ppm——
= Inpaint: the output is processed with a shallow decoder to predict missing patches 1% 10% 100% o oo Lobo . .
in each branch. ImageNet Subset Size - Pre-training ImageNet Subset Size - Pre-training Classification
= Match: The decoder outputs from both branches are contrastively trained to Method Backbone | Supervised | Data Used |iNat-18 iNat-19 Food 101 Cars
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- Denoising Autoencoding methods (e.g. SplitMask, BEiT) are more sample efficient How long to pre-train ? Robustness w.r.t pre-training dataset
compared to joint embedding methods. e — - SplitMask shows a strong transfer performance regardless of the pre-training
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Q dataset used. Typically pre-training using the target dataset achieves the strongest
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- Denoising Autoencoding methods are more robust to change in pre-training Is trainine for loneer alwavs better ? Food 101 75 1 62.6 91.5 017
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