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Motivation
* Transformations based on domain expertise (expert transformations), such ] ] ]
as random-resized-crop and color-jitter, have proven critical to the success View Generation Experiments
of contrastive learning techniques such as SimCLR. | Zl exp (% - 2j(3)/T) i — ol
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 We tackle a different question: instead of replacing expert transformations IR RREENEEE Original, W-search 4.13 4.40 0.907 0.867 o
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where d(a,b) is L2 loss, d,,is the average Euclidean distances among A2-full 9257 91.57 7182 66.06 30
: 7 1 N A2-SimCLR (o =0.5) 9266 91.05 7227 65.85
generated views dp, = 2k 1] 0 g(w;) — fog(we)l2,and A2-InfoNCE (a =0.5) 9290 90.95 7276  66.46 epochs 20 Epochs
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