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- Independent - Interpretable Decision
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Generation

- Generalization and - Controlled Transfer

Robustness
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Evidence Lower Bound (ELBO):

08 D(21) 2 Byt | A | = Byt 08 p(o2)] A KLia(z ko) (el )]

~~

R reconstruction regularization
ELBO

How does this affect j

disentanglement?
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Isolating Different Forms of Regularization
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Regularization (1) Index-code Mutual Info. (2) Total Correlation (3) Dim-wise KL

Index-code MI: Hoffman & Johnson “ELBO Surgery.” (2016)
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Regularization (1) Index-code Mutual Info. (2) Total Correlation (3) Dim-wise KL
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The beta-VAE (Higgins et al., 2017) penalizes all three terms evenly.

We should amplify the independence regularization in isolation!
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Stochastic Estimation of log ¢(+)

q(+)is a mixture distribution.

- Evaluating q(+) requires the full dataset.

- Stochastic estimate q(-)based on a minibatch?
Randomly chosen n will give q(z|n) close to zero.
- We can reuse the same minibatch.

M

1 1 U
Eq(2)[logq(2)] ~ -7 Z log ~—7 Zq(Z(m)nj)]

- Better minibatch estimators since our work:
Esmaeili et al. “Structured Disentangled Representations.”

Mixture of q(z|n)



Isolating Different Forms of Regularization & TCVAE
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def ELBO(X):
z = encode(x)
Xx_recon = decode(z)
logpx_z = logp_likelihood(x_recon)
loggz_x = logp_approximate_posterior(z, x)
logpz = logp_prior(z)
elbo = logpx_z + logp - loggz_x
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def ELBO_decomp(x):
z = encode(x)
x_recon = decode(z)
logpx_z = logp_likelihood(x_recon)
logqz_x = logp_approximate_posterior(z, x)

logpz = logp_prior(z)
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Pseudo-code
def ELBO_decomp(x):
z = encode(x)
x_recon = decode(z)
logpx_z = logp_likelihood(x_recon)
loggz_x = logp_approximate_posterior(z, x)

logpz = logp_prior(z)

loggz = logsumexp(loggz_x.sum(axis=2), axis=1) - log(M * N)

logqz_factorized = (logsumexp(loggz_x, axis=1) - log(M * N)).sum(axis=2)

elbo = logpx_z - (loggz_x - logqz) - (loggz - logqz_factorized) - (logqz_factorized - logpz)

The case a = v = 1 results in an equivalent objective to FactorVAE (Kim & Mnih.
2017.), though they use a discriminator to estimate KL.
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Evaluating Disentanglement

Suppose we have some ground truth factors {Uk}kK 1.

We can define a joint distribution q(z;, vx) Zp vk )p(nlvg)q(z;|n).

vo : Hair color One Factor == One Dimension

v1 : Skin color 000 000 - 000
<0 21 Z92 z3

Mutual Information Gap (MIG):

Ko
= (or) ( (2 (k),Uk;) — max I(zj,vk))

vo : Glasses Pt G5 )

where %) = argmax I(z; vy)
J



Datasets Used for Quantitative Experiments
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Penalizing Only Total Correlation Works Better
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How is Independence related to Disentanglement?

Empirically, they seem to be correlated in both beta-VAE and TCVAE.

Slightly stronger correlation using TCVAE.
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Empirically, they seem to be correlated in both beta-VAE and TCVAE.

Slightly stronger correlation using TCVAE.
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Future Directions

Specific inductive biases for recovering specific factors.
- Better stochastic estimators of information theoretic quantities.

- Generalized notions of disentanglement.
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