maaGMA: Modified-Adversarial-Autoencoding Generator with Multiple Adversaries
Optimizing Multiple Learning Objectives for Image Generation with GANs
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MNIST Results

MNIST Handwritten Digits Database
* 60,000 examples
» 28 pixel x 28 pixel (Grayscale)
* 10 Digit Classes

Epoch 200 Epoch 220

Discussion & Future Work

ICML 2013 Facial Recognition Dataset
* 32,000 examples
* 48 pixel x 48 pixel (Grayscale)
* 7 Emotion Classes

* Image Dis. activated after N epochs to prevent early memorization

 maaGMA employs “indirect competition” amongst adversaries
* Gen. Decoder confuses Image Dis.
e @Gen. Encoder. confuses Gaussian Dis.

Evaluation: * Entire Gen. minimizes L2 loss, accommodating the confusions
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 maaGMA qualitatively outperforms baseline, sharpening images
and bypassing limitations of L2 loss
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| oss Formulation

Lgis = minmaxE, p_ [D(x)] —Es-p [D(®)] * Additional hyperparameter tuning required for quality face
G DeD 7 Epoch 300 Epoch 500 Nearest Train Set generation, but currently improving clarity over baseline

D = Set of I-Lipschitz Functions Samples

P = Distr. Implicitly Defined by X = G(z),z ~ p(z) o o

Objective: Minimize E-M Distance between P, & P,; : : * Future Work: Place adversaries in direct competition over the same
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