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Exploiting correlations between factors of variation can
increase performance on noisy data.
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are not due to the correlations structure in the data. o For most tasks, there is no closed form for MI/CMI. We propose an adversarial e Impact of the correlation strength and noise level

approach to minimize CMI, based on batchwise shuffling of latent subspaces. e Magenta: performance on correlated training data; Green:
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Full Supervision Does Not Yield Disentanglement Occluded Multi-Digit MNIST
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train on data where corr(s;, s;) > 0, then we want the e Performance drops when the correlation between s; and s, shifts at test time. o condoted Tramine —— Uncordoted Test —een ———
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Objective Functions for Disentanglement

Unconditional Disentanglement Fails Under Correlation Shift
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1. Base: minimizing a supervised loss L (e.g., MSE or o There is correlation between the sources s; and s, and therefore /(s;;s;) > 0. N T I
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cross-entropy), » ;" ; L(&;, si) e By enforcing independence, at least one of the subspaces cannot contain all

2. Base+4+MI: minimizing the unconditional mutual relevant information about its target value Correlated CelebA
information between subspaces in addition to the

supervised loss, S°%  L(8,s) + I(z1, . . ., zx)
3. Base4+CMI: minimizing the conditional mutual

information between subspaces conditioned on observed
attributes, in addition to the supervised loss, Conditional Disentanglement is Robust to Correlation Shift
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o The optimal solution under the constraint of minimal MI, I(z; z) = 0, fails to

Corr. Train Data
model the in-distribution correlated training data. "

We used attributes Male and
Smiling that we know a priori are
not causally related.

+ Minimizing CMI has a larger effect
for stronger correlations, but does not
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z1 and z, are independent conditioned on either of s; or s).

C o harm performance for low corr.
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Disentanglement with Correlated Variables variables is sufficient to yield a robust disentangled
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