rYaqi Wang
Hulu, Beljing

Learning from Geographically
Distributed Data
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Goals:

 Bandwidth efficiency
* Site scalability
* Supports multiple learning tasks

A Hybrid GAN-based Approach
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* Local training of generative models

* Centralized training of global discriminative
model using generated and real samples

* Requires no feedback to local sites
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Centralized Semi-supervised Learning -
Virtual Adversarial Training [Miyato et al., 2017] o
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LEARNING GEOGRAPHICALLY DISTRIBUTED DATA
FOR MULTIPLE TASKS USING
C I S C O GENERATIVE ADVERSARIAL NETWORKS
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Local Training of GAN Models Results

. : . Communication efficiency
Training of CT-GAN [Wei et al., ICML’18] ]
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MNIST CIFAR-10 . Learning multiple tasks: Celeb-A

Classification Accuracy for Smile
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Find the most dangerous Increase local distribution smoothness Key Ta keaways

o perturbation direction along the perturbation direction _ _ .
*  Training procedure * GAN models as parsimonious representation of local data
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