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Motivation

BigGANs [Brock et al. 2019]

Improvement of deep generative models (GANs, Flow, Autoregressive, VAEs) in recent years 
Lack of theoretical understanding: 
1. Training (i.e. convergence guarantees to optimal solutions) 
2. Generalization (i.e. quality of solutions with finite number of samples)

https://arxiv.org/pdf/1809.11096.pdf
https://arxiv.org/pdf/1809.11096.pdf
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Background on Autoencoders - I
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Background on Autoencoders - II
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Background on Autoencoders - II

 

Properties 
1.  is typically the L2 loss, which is convex 

2.  has many forms, all of them are non-convex 
• Kullback-Leibler Divergence (KL) in Variational Autoencoders 
       [Kingma  and Welling 2014] 
       [Rezende et al. 2014] 
•   Maximum-Mean Discrepancy (MMD) in Generative Moment Matching Networks 
       [Li et al. 2015] 
       Wasserstein (WAE) 
       [Tolstikhin et al. 2018] 
       Coulomb Autoencoders (CouAEs)

ℒ(θ, γ) = 𝑅𝐸𝐶(gγ ∘ fθ) + λ𝐷(qZ, pZ)

𝑅𝐸𝐶(gγ ∘ fθ)
𝐷(qZ, pZ)

𝑓𝜃(𝑥) ∼ 𝑞𝑍(𝑧 ; 𝜃 ) 𝑧 ∼ 𝑝𝑍(𝑧)

𝑥 ∼ 𝑝𝑋(𝑥) 𝑔𝛾(𝑧) ∼ 𝑞𝑋(𝑥)

https://arxiv.org/abs/1312.6114
https://arxiv.org/abs/1312.6114
https://arxiv.org/abs/1312.6114
https://arxiv.org/abs/1401.4082
https://arxiv.org/abs/1401.4082
https://arxiv.org/abs/1401.4082
https://arxiv.org/abs/1502.02761
https://arxiv.org/abs/1711.01558
https://arxiv.org/abs/1711.01558
https://arxiv.org/abs/1711.01558
https://arxiv.org/abs/1312.6114
https://arxiv.org/abs/1312.6114
https://arxiv.org/abs/1312.6114
https://arxiv.org/abs/1401.4082
https://arxiv.org/abs/1401.4082
https://arxiv.org/abs/1401.4082
https://arxiv.org/abs/1502.02761
https://arxiv.org/abs/1711.01558
https://arxiv.org/abs/1711.01558
https://arxiv.org/abs/1711.01558
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Experiments
Controlling   by changing total number of hidden neurons (capacity)𝜉

x0.25 x0.5 x1

Remarks 
1. Network architecture is fundamental to control generalization 
2. Increasing capacity (the number of hidden neurons) leads to better generalization (as 

long as  is decreased) 
3. Other architectural choices (e.g. depth, residual connections) may further decrease 

𝜉
𝜉

Open Question 
What is/are the optimal network architecture/s minimizing ?𝜉
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Conclusions

1. Problem of local minima, MMD + Coulomb 
kernel behaves similarly to a convex functional 

2. Generalization analysis, probabilistic bound 
giving insights on possible directions to 
improve autoencoder in principled manner
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