On the Surrogate Gap
Between Contrastive and Supervised Losses
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Contrastive learning | Successful representation learning °

® Lcarn a representation function f by making closer to positive/farther from negatives

s Without labeled data

anchor positive
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negatives

® Objective function: contrastive loss
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Contrastive learning | Successful representation learning °

® ecarned representation f 1s used for downstream classification

< With a few labeled data + fine tuning
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Chen et al. “A simple framework for contrastive learning of visual representations” (ICML2020)


http://proceedings.mlr.press/v119/chen20j/chen20j.pdf
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Existing theoretical analysis of contrastive learning  °

[Arora et al., 2019]
® Class set % = {1,2,...,C}, the number of negative samples K

® Data generating process

< Draw positive/negative classes c™, {¢{ }ieixy ~ P(Y)

< Draw an anchor/positive sample x,x* ~ P(X|Y = ¢¥) @ @ @ @

. anchor ositive negatives
< Draw K negative samples x; ~P(X|Y = ¢) ' 7

Arora et al. “A Theoretical Analysis of Contrastive Unsupervised Representation Learning ” (ICML2019)


http://proceedings.mlr.press/v97/saunshi19a/saunshi19a.pdf

Existing theoretical analysis of contrastive learning  °

[Arora et al., 2019]
® Class set % = {1,2,...,C}, the number of negative samples K

® Data generating process

< Draw positive/negative classes c™, {¢{ }ieixy ~ P(Y)

% Draw an anchor/positive sample x,x* ~ P(X|Y = ¢™) @ @ @ @
anchor positive negatives

< Draw K negative samples x; ~ P(X|Y = ¢})

® Result: contrastive loss R, (f) upper bounds downstream linear classification loss R, (f)

1
R, _qupy() < T o {Ron(f) — Elog(Col + 1)}

. collision probability of positive class with negative classes

. coverage probabllity that negative classes contain every class

Arora et al. “A Theoretical Analysis of Contrastive Unsupervised Representation Learning ” (ICML2019)



http://proceedings.mlr.press/v97/saunshi19a/saunshi19a.pdf

Issue | Disagreement of theory and practice!

® [heory [Aroraetal, 2019]: larger K degrades downstream classification

R,_supu(®) < {Ron(f) — Elog(Col + 1) }

(I = 7)vgy
O(eK)
< Upper bound becomes exponentially loose in K

® Practice [Chenetal, 2020]. larger K improves downstream classification
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% Classification accuracy improves as K (= batch size) increases

classification accuracy

Chen et al. “A simple framework for contrastive learning of visual representations” (ICML2020)
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Our result: much better upper & lower bounds

® Existing bouna Risup® < O(eX)  {Reon(f) — Elog(Col + 1)}
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Our result: much better upper & lower bounds

® Cxisting bound

R, _ap®) < O(e") {Roon(f) — Elog(Col + 1) }
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® Our upper bound _Supv(f) <R, .(D+O0 (ln —)
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Our result: much better upper & lower bounds

® Existing bouna Risup® < O(eX)  {Reon(f) — Elog(Col + 1)}
1

® Our upper bound _Supv(f) <R, +O0 (ln E)
1

® Our lower bound _Supv(f) >R, ..(£)+ O (ln E)

and R
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< Proof sketch: linearize log-sum-exp tunction of both R
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Our result: much better upper & lower bounds
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Message: our bounds suggest that larger K is indeed good even in theory!




