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• Results
• Extensive evaluation: 2 settings, 3 datasets, 5 baselines …
• Promising results: Consistent improvement over baselines across 

different datasets, settings and metrics
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Evaluation
• Datasets

• Images (MNIST, Fashion-MNIST, Fed-EMNIST)

• Evaluation metrics
• Privacy:  Determined by  with fixed 
• Utility:

• Sample quality:  realism of the generated samples
• Inception score (IS)1,2, Frechet Inception Distance (FID)3

• Usefulness for downstream tasks:
• Classification accuracy: MLP Acc, CNN Acc, Avg Acc, Calibrated Acc
• (trained on generated data and test on real data)

ε δ

1 Li et al., “Alice: Towards Understanding Adversarial Learning for Joint Distribution Matching”, NIPS 2017

2 Salimans et al., “Improved Techniques for Training GANs”, NIPS 2016

3 Heusel et al., “GANs Trained by a Two Time-scale Update Rule Converge to a Local Nash Equilibrium”, NIPS 2017
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Results
• Centralized setting
• Improves the IS by: 

• 94% on MNIST
• 45% on Fashion-MNIST

• Improves the MLP Acc by: 
• 25% on MNIST
• 16% on Fashion-MNIST

• Decentralized (Federated) setting
• Better sample quality: 

• 0.28x  smaller FID
• Lower privacy cost:

• 104×  smaller epsilon

Consistent improvement over baselines across different datasets, settings and metrics
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More details in the paper

Code and Models are available on Github

https://github.com/DingfanChen/GS-WGAN
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