Stochastic Contrastive Learning

Jason Ramapuram®* Dan Busbridge* Xavier Suau, Russ Webb
2nd Workshop on Self-Supervised Learning: Theory and Practice (NeurlPS 2021) - Apple Inc.

StochCon Model

Self-Supervised Learning (SSL) models:
- Present competitive performance with
Supervised Learning,
- Lack the ability to infer latent variables.

This work (StochCon) introduces latent variables
Into the SIMCLR contrastive learning framework and
enables:

- Attributing representation uncertainty,

- Task-specific compression,

- Interpretable representations.
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- Optimize standard InfoNCE objective.

- Representation vector 7' 1s sampled from a
pathwise differentiable distribution.

Contributions

- Introduce differentiable latent variables into
SIMCLR framework.

- StochCon-Bern induces a 588x compressed
representation of image data that is useful for
downstream tasks.

- Improves fine-tuned downstream
performance on CIFAR10 and ImageNet using
ResNetb0 and ResNet200.

- Demonstrate competitive discriminative
performance on CIFAR10 with as few as 11 bits.
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Algorithm 1 Stochastic Contrastive Learning (StochCon)

Require: Data: x ~ p(x),t ~ T(x)
Require: Models: fg : backbone, gg : head, {g, pg} : projectors
while not converged do
{, &'} ={tox,t' ox}

th,h'} = {fe(Z), fo(Z')}

> Augment input with {t,t"}
> Produce representations

¢ =mg(h’) > (optional) Bottleneck projection
7' ~ qg(z|x) > Pathwise differentiable (Mohamed et al., 2020) latent variable.
h'' = pg(z’) > (optional) Bottleneck upsampler
{v,v'} ={ge(h),ge(h"")} > InfoNCE projection
ming LinfoNcE (U, V)

end while
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