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Abstract 

 

This course is devoted to Bayesian reasoning in application to deep learning models. Attendees would 

learn how to use probabilistic modeling to construct neural generative and discriminative models, how to 

use the paradigm of generative adversarial networks to perform approximate Bayesian inference and how 

to model the uncertainty about the weights of neural networks. Selected open problems in the field of 

deep learning would also be discussed. The practical assignments will cover implementation of several 

modern Bayesian deep learning models. 

 

Pre-requisites 

 

The course is based on knowledge and understanding of Bayesian Methods and Deep Learning. It also 

requires programming experience in Python. 

 

Learning Objectives 

 

The learning objective of the course is to give students basic and advanced tools for inference and 

learning in complex probabilistic models involving deep neural networks, such as probabilistic deep 

generative models and Bayesian neural networks. 

 

Learning Outcomes 

 

After completing the study of the discipline, the student should have: 

● Knowledge about different approximate inference and learning techniques for probabilistic 

models 

● Hands-on experience with modern probabilistic modifications of deep learning models 

● Knowledge about the necessary building blocks that allow to construct new probabilistic models, 

suitable for the desired problems. 

 

Course Plan: 

 

1. Stochastic Variational Inference (SVI) 

SVI as a scalable alternative to the variational inference for tasks with large data. Application of 

SVI to latent Dirichlet allocation model. 



2. Variational autoencoders (VAE) and normalizing flows 

Probabilistic PCA, VAE as a non-linear generalization of probabilistic PCA. Reparametrization 

trick for doubly-stochastic variational inference. Extending variational approximations with 

normalizing flows. Examples of normalizing flows. 

3. Implicit Variational Inference using Adversarial Training 

Adversarial Variational Bayes for training VAE with implicit inference distribution. f-GANs as a 

generalization of vanilla GANs for optimizing arbitrary f-divergence. 

4. Bayesian neural networks 

Variational inference of the posterior distribution over the weights of discriminative neural 

networks. Local reparameterization trick for gradient variance reduction.  

5. Bayesian compression of neural networks 

Variational Dropout sparsifies deep neural networks: different parametrization yields totally 

different model. Soft Weight Sharing: how to save memory, using weights quantization of neural 

network. 

6. Deep MCMC 

How neural networks help MCMC methods to sample from analytical distribution, and how 

MCMC methods help neural networks to sample from empirical distribution. 

7. Discrete Latent Variables and Variance Reduction 

The idea of Stochastic Computation Graphs, discrete and continuous stochastic nodes, and 

gradient estimation: Gumbel-Softmax and REINFORCE with control variates. 

8. Semi-implicit variational inference 

Semi-implicit probabilistic models as a relaxation of implicit models, that can allow for more 

efficient approximate inference. Implicit optimal priors. Implicit aggregated posterior as an 

optimal prior distribution for VAEs and several ways to approximate it and use it in inference. 

 

Grading System 

 

The assessment consist of 3 practical assignments and a final oral exam. Practical assignments consist in 

programming some models/methods from the course in Python and analysing their behavior: VAE, 

Normalizing flows, Sparse Variational Dropout. At the final exam students have to demonstrate 

knowledge of the material covered during the entire course. 

 

Final course grade is obtained from the following formula:  

О_final = 0,7 * О_cumulative + 0,3 * О_exam, 

where О_cumulative is an average grade for the practical assignments.  

 

All grades are in ten-point grading scale. If О_cumulative or О_final has a fractional part greater or equal 

than 0.5 then it is rounded up. Each practical assignment has a deadline, a penalty is charged in the 

amount of 0.3 points for each day of delay, but in total not more than 6 points. Students have to complete 

all assignments by themselves, plagiarism is strictly prohibited. 
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