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Ensembling on Multi-class Tasks
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Creating GAN-generated Image Variants

©
o
H

H

H

H

H

Accuracy
O
~]

Accuracy
O
~J

90 96
95 95
Latent Original GAN GAN Augmentations Isotropic PCA Style-mix
Space v Images Recontructions  (Style-mix Fine) GAN Ensemble distribution
Classifier training distribution
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* Perturb optimized latent code in StyleGAN2 W+ space » Only using GAN views can decrease accuracy » Classifier sensitive to GAN artifacts
» Style-mixing: swaps a random latent code at specified generator layers » Softly weight between the dataset original and GAN views » Currently limited to simple tasks and small structured datasets

» Style-mixing is more robust compared to isotropic or PCA perturbation * Weight selected based on validation data e Similar techniques may yield greater benefits in the future as GANs improve




