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Approach

- Target:

«  Optimize for training downstream Neural Network classifier

Basic idea:

- (Gradient-based coreset generation’2
- DP stochastic gradient descent (DP-SGD)

1Zhao, Bo, et al., “Dataset condensation with gradient matching.”, ICLR, 2021.
27Zhao, Bo, et al., “Dataset condensation with differentiable siamese augmentation.”, ICML, 2021
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- Target:
«  Optimize for training downstream Neural Network classifier
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- DP stochastic gradient descent (DP-SGD)
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real x,y ~ Pp

inner loop outer loop ——fp SeNSitive =P (£ 6)-private

1Zhao, Bo, et al., “Dataset condensation with gradient matching.”, ICLR, 2021.
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- Utility for downstream classification task (train on synthetic; test on real)

MNIST FashionMNIST

e=]l =10 e=1 e=10
DP-CGAN - 52.5 - 50.2
G-PATE 58.8 80.9 58.1 69.3
Datal.ens 71.2 80.7 64.8 70.6
GS-WGAN - 84.9 - 63.1
DP-Merf 727 85.7 61.2 72.4
DP-Sinkhorn - 83.2 - 71.1
Ours (spc=20) 80.9 95.6 70.2 77.7
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 (Generalization across model architecture

MNIST FashionMNIST

ConvNet LeNet AlexNet VGGI1 ResNetl8 MLP ConvNet LeNet AlexNet VGGI1 ResNetl8 MLP
Real 99.6 99.2 99.5 99.6 99.7 08.3 93.5 88.9 91.5 93.8 94.5 86.9
DP-CGAN 50.2 52.6 52.1 54.7 51.8 54.3 50.2 52.6 52.1 54.7 51.8 54.3
GS-WGAN 84.9 83.2 80.5 87.9 89.3 74.7 54.7 62.7 55.1 57.3 58.9 65.4
DP-Merf 85.7 87.2 84.4 81.7 81.3 85.0 72.4 67.9 64.9 70.1 66.7 73.1
Ours (spc=10) 94.9 91.3 90.3 93.6 94.3 86.1 75.6 68.0 66.2 74.7 72.1 62.8
Ours (spc=20) 95.6 93.0 92.3 94.5 94.1 87.1 77.7 68.0 59.1 76.8 70.8 62.2
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- Are deep generative models the best option for this task?

« Deep generative models result in:
- Better visual quality
+ Slow convergence £ B
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Deep generative models result in: g,
Better visual quality B3 e Tt
Slow convergence £ B

Sub-optimal downstream utility £ B

MNIST FashionMNIST
1 10 20 1 10 20

w/oprior 814 949 95.6 66.7 75.6 77.7
with prior 88.2 922 90.6 63.0 70.2 70.7
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More details in the paper 3

Private Set Generation with
Discriminative Information

Dingfan Chen Raouf Kerkouche Mario Fritz

Source code available on Github:
https://github.com/DingfanChen/Private-Set

Contact:
Dingfan Chen, dingfan.chen@cispa.de
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