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Proposed SSL

Experimental Results

v We propose a novel self-supervised learning Our SSL trains a model based on MuConPro loss. Ablation Study on ImageNet-100 with ResNet18.
(SSL) method to exploit multiple view samples. L. L Multiple samples are generated in various ways
Feature representation is updated by maximizing in a constant computation budget.
v Mutual conditional probability embeds MuConPro toward compact and discriminative ones, - Cropping small-sized image patches.
compact and discriminative feature while disregarding irrelevant view samples via KDE. + Drawing from external memory bank.
representation into SSL. * Processing large-sized patch via momentum-free mode.
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v Our SSL produces favorable performance even
on only 100-epoch ImageNet training.

Probabilistic Model
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Multiple data augmentations produce S views  2-(224 x 224) 4- (160 x 160) 6- (128 x 128) 11-(96 x 96)
multlple view samples. = & linear 77.94 81.64 81.30 79.20
- ~ - g’ 2 K‘ k-NN 68.90 74.06 73.82 71.54
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Multiple view samples are probabilistically modeled y B.M e o T8 i
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Generative prob. r(zZ) = Mé Zexp( 2;2 Hz—xing) Compactness Discrimination Probabilistic models are compared with various
(Gleﬂ PI’O) 7=l within image dClroSS imageS (a) Linear evaluation (b) k-NN evaluation
0SS lgen(z) = —0%logp(2|Z) = V leen = MeanShift-vec. Model T =0 1 = I'=0 1 =
: Multiple view samples are effectively aggregated in a MuConPro GENPRO p(z]T) 7924 8138  80.90 7150 7338 72.98
e _p(zT)  Liy-rexP(—5gzllz—xill3) manner which naturally induces compact and discriminative DisCPROp(Z]z) 17.86 81.56  81.08 1658 7346 73.38
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loss  laise(z) = —0~logp(Z|z) Temperature 7 controls the bandwidth in KDE.
Mutual conditional prob. pr(z|Z)p(Z|z) Analysis by loss gradients. Performance comparison with various SSL
MuConPro -traini
( ! loss (z)= 0 loglp(dTp(TI2)] = bynl) + lanel@) T > o results in BYOL [Grill+20]. on 100-training epochs.
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compact & discriminative distribution. IZp; Y. j#1xp(2,%;/T) M—14 Iz j# Model  Acc. (%) Model  Acc. (%)
ideal less discriminative less compact
T 0 ts in 1 dat SImCLR [5 66.5 Supervised [16] 76.2
results In 10 sparse updating. BYOL [14] 66.5 SWAV [3] 72.1
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