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Learning Representation with Energy-Based Models

Nata Latent
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Conjugate Energy-Based Model

Posterior pg(2|x) = p(z| A+ ty(x))

Likelihood Pg(x |2) o< exp ({ty(x), n(2)))

Maximum marginal likelihood
NO supervision

Variational Autoencoder

Decoder

Ug(2)

Posterior Pg(z]x) ~ q¢(z\x)

Likelihood Pg(x|2)=p(x|ue(2))



Experiments

CEBM: Gaussian inductive bias GMM-CEBM: GMM inductive bias



Can CEBMs approximate the data distribution?
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Downstream Task: Few-label Classification

MNIST Fashion-MNIST CIFAR-10 SVHN
Models 1 10 100 full || 1 10 100 fwll || 1 10 100 faull || 1 10 100  full
VAE 42 85 92 95 41 63 72 81 16 22 31 38 13 13 16 36
GMM-VAE 53 86 93 97 49 68 79 84 19 23 33 39 13 14 23 56
BIGAN 33 67 85 o1 46 65 75 81 18 30 43 52 11 20 42 56
IGEBM 63 89 95 97 50 70 79 83 16 26 33 42 10 16 35 49
CEBM 67 89 95 97 52 70 77 83 19 30 42 53 12 25 48 70
GMM-CEBM | 67 91 97 98 52 70 80 85 16 29 42 52 10 17 39 60




Thank youl!



