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Discriminative modelling

• Model conditional distribution P (Y |X)

Generative modelling

• Model joint distribution P (X; Y )

http://mogren.one/



Generative modelling of fashion segmentation

M. Korneliusson, J. Martinsson, O. Mogrenhttp://mogren.one/



Generative adversarial networks (GANs)

generator discriminator outputsnoise

Goodfellow, et.al., 2014http://mogren.one/



GAN properties

• Generate realistic images
• Discriminate between generated and real images
• Training: min-max game
• min„Gmax„DEx∼Dreal [logD„D(x)] + Ex∼DG„G

[log(1−D„D(x)))]
• No expensive normalizing constant

http://mogren.one/
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Regularization

• Lipschitz continuity: gradient bound
• Loss-sensitive GAN: loss that restricts D to satisfy Lipschitz condition (Qi, 2017)
• Spectral normalization: regularization on the weight parameters (Miyato, ICLR 2018)
• Wasserstein GAN: penalty constrains the magnitude of the gradient (Arjovsky, 2017)

http://mogren.one/



Sufficiently large discriminator

• Capacity of D, and data: large enough
• If G “wins”, then the generated distributionD is close toDreal
• But “large enough” could mean exp(d)!

http://mogren.one/



Generalization; intuition

http://mogren.one/



Learning objectives

• Supervised learning: minimize loss
• GAN: find Nash equilibrium

http://mogren.one/



Definition of generalization

• D̂real - empirical version,m samples
• DG generalizes if with high probability:

|d(Dreal;DG)− d(D̂real; D̂G)| ≤ ›

• D̂G - empirical version of D̂G , polynomial number of samples
• d(·; ·) - divergence or distance
• › - generalization error.

Arora, et.al., ICML 2017http://mogren.one/



Neural net distance

• Jensen-Shannon divergence and Wasserstein distance don’t generalize
• A weaker distance, the Neural net distance does

(Details)

Arora, et.al., ICML 2017
http://mogren.one/



MIX+GAN

• A mixture of generators achieves provable approximate pure equilibria
• Experiments show that this can also help in practice

Arora, et.al., ICML 2017http://mogren.one/



Arora, et.al., ICML 2017http://mogren.one/



Differential privacy

A randomized algorithmA : D → R satisfies ›-differential privacy if for any two adjacent
datasets S;S′ ⊆ D and for any subset of outputs O ⊆ R it holds:

P [A(S ∈ O)] ≤ e›P [A(S′) ∈ O]

Wu, et.al., NeurIPS 2019http://mogren.one/



Generalization/privacy

• Common goal: learn the population
features
• Membership attacks

Wu, et.al., NeurIPS 2019http://mogren.one/
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Generalization/privacy

• Differential privacy→ RO-stability*
• RO-stability→ Generalization

Theorem 1 (Generalization gap) If an algorithmA satisfies ›-differential privacy, then the
generalization gap can be bounded by a data-independent constant.

* Replace One element in the inputl; Wu, et.al., NeurIPS 2019http://mogren.one/



Regularization and privacy

• Lipschitz condition crucial for privacy

Wu, et.al., NeurIPS 2019http://mogren.one/



Experimental validation

• Membership attack
• GAN information leakage

Attacker, ¸

• Given the discriminatorD„D and an image from the attack testing dataset
• ¸ sets a threshold t ∈ (0; 1)
• ¸ outputs 1 ifD„D=b ≥ t, otherwise, it outputs 0.

Wu, et.al., NeurIPS 2019http://mogren.one/



Experimental validation

Wu, et.al., NeurIPS 2019http://mogren.one/



Thank you.

http://mogren.one/



Appendix

http://mogren.one/



Byggstenarna i deep learning

inputs output
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• Varje lager innehåller ett antal
enheter/neuroner
• Löst inspirerade av biologiska neuroner
• Ett djupt nät kan innehålla miljontals
enheter
• w1; :::; wn inlärda parametrar

(Tillbaka)http://mogren.one/



Lager i djupa neuronnät

inputs hidden layer outputs

• I praktiken arrangeras neuronerna i
lager
• Varje lager:

• linjär transformation av input-vektorn
• icke-linjär aktiveringsfunktion

(Tillbaka)http://mogren.one/



Neural net distance

• Jensen-Shannon divergence and Wasserstein distance don’t generalize
• A weaker distance, the Neural net distance does

dF ;ffi(—; �) = supD∈FEx∼— [ffiD„D(x)] + Ex∼� [ffi(1−D„D(x)))]− 2ffi(1=2)

(Back)

Arora, et.al., ICML 2017
http://mogren.one/



RO-stability

Replace One element in the input; (Back)

Wu, et.al., NeurIPS 2019
http://mogren.one/



Generalization gap (Wu, et.al., NeurIPS 2019)

(Back)

Wu, et.al., NeurIPS 2019
http://mogren.one/


