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Generative models - modern applications

Conditional image generation



Generative models - preliminaries

 Our goal is to find some 
approximation of true data 

distribution 

 But we have access only to the 
data examples  



Generative models - standard approach 

Standard approach assumes:

●  Select some well known distribution 
as true data approximation.

● Get the parameters by ML/MAP 
estimation.

● Sample examples from approximation.



Generative models - GANs

we can try to sample from p(x) without knowing the 

explicit form - GAN is some solution 

Our goal is to find some 
approximation of true data 

distribution 



Generative models - VAEs

Our goal is to find some 
approximation of true data 

distribution 

Source: https://lilianweng.github.io/

We can estimate lower bound for p(x)  



Generative models - normalizing flows

Source: https://lilianweng.github.io/



Normalizing Flows - basic concepts



Change of variable formula - example

Consider density function for 
uniform  distribution:

We create a new random variable using the 
following transformation:

What is density function for a new variable Y? 



Change of variable formula - example

The new density function can be defined as:

Thanks to change of variable formula:

where:



Change of variable formula - multidimensional case

becomes:

where:

for multidimensional case:



Change of variable formula - multidimensional case

where:

and:

It also works for:



Change of variable formula for normalizing flows

base distribution with 
simple density function 

data distribution 

Invertible mapping 
(parameterized) 



Inference with normalizing flows

Take data example

Source: https://arxiv.org/abs/1605.08803



Inference with normalizing flows

Transform it to Y space with known 
base distribution

Source: https://arxiv.org/abs/1605.08803



Inference with normalizing flows

Get the density value in Y space

Source: https://arxiv.org/abs/1605.08803



Inference with normalizing flows

Scale by determinant of Jacobian

Source: https://arxiv.org/abs/1605.08803



Sampling with normalizing flows

Source: https://arxiv.org/abs/1605.08803

Sample from known base distribution



Sampling with normalizing flows

Source: https://arxiv.org/abs/1605.08803

Apply invert transform to obtain sample from 
data distribution 



Training normalizing flows

We assume that invertible  transformation is parametrized:



Training normalizing flows

We assume that invertible  transformation is parametrized:

We have access to training data:



Training normalizing flows

We assume that invertible  transformation is parametrized:

We have access to training data:

We optimize negative log-likelihood to obtain the best parameters:



Normalizing flows - challenges

The choice of invertible 
function  



Normalizing flows - challenges

The choice of invertible 
function  

Determinant of Jacobian is difficult 
to calculate for high-dimensional 

data 



Discrete normalizing flows - NICE

Make use of so called coupling layers - sequence of the following operations:  

Dinh, Laurent, David Krueger, and Yoshua Bengio. "Nice: Non-linear independent components estimation." arXiv preprint 
arXiv:1410.8516 (2014).



Discrete normalizing flows - NICE

Dinh, Laurent, David Krueger, and Yoshua Bengio. "Nice: Non-linear independent components estimation." arXiv preprint 
arXiv:1410.8516 (2014).

Make use of so called coupling layers - sequence of the following operations:  

m() is neural network 
Not need to be invertible!



Discrete normalizing flows - NICE

Dinh, Laurent, David Krueger, and Yoshua Bengio. "Nice: Non-linear independent components estimation." arXiv preprint 
arXiv:1410.8516 (2014).

Invert is easy to calculate:



Discrete normalizing flows - NICE

Dinh, Laurent, David Krueger, and Yoshua Bengio. "Nice: Non-linear independent components estimation." arXiv preprint 
arXiv:1410.8516 (2014).

and determinant of Jacobian is easy to calculate:



Coupling Layers working together 
Inverse transformation

4 inverse 
coupling layers

scaling 
parameter



Discrete normalizing flows - RealNVP

Dinh, Laurent, Jascha Sohl-Dickstein, and Samy Bengio. "Density estimation using real nvp." arXiv preprint 
arXiv:1605.08803 (2016).

s() and t() are neural networks
Not need to be invertible!



Conditional normalizing flows 
RealNVP    

Conditional RealNVP    



Continuous Normalizing flows

Discrete Normalizing Flows  Continuous Normalizing Flows  



Applications for counterfactual explanations



Counterfactual explanations with flows

Source:  https://relational.ai/resources/machine-learning-in-consumer-credit



Counterfactual explanations with flows

Source:  Wielopolski P, Furman O, Stefanowski J, Zięba M. Probabilistically Plausible Counterfactual 
Explanations with Normalizing Flows. ECAI 2024

Distribution of plausible regions 
modelled by normalizing flow  



Counterfactual explanations with flows

Source:  Wielopolski P, Furman O, Stefanowski J, Zięba M. Probabilistically Plausible Counterfactual 
Explanations with Normalizing Flows. ECAI 2024

distance between 
original example 
and counterfactual    



Counterfactual explanations with flows

Source:  Wielopolski P, Furman O, Stefanowski J, Zięba M. Probabilistically Plausible Counterfactual 
Explanations with Normalizing Flows. ECAI 2024

validity loss to 
guarantee correct 
classification     



Counterfactual explanations with flows

Source:  Wielopolski P, Furman O, Stefanowski J, Zięba M. Probabilistically Plausible Counterfactual 
Explanations with Normalizing Flows. ECAI 2024

plausibility to get 
in-distribution 
sample        

modelled with normalizing flow



Generating counterfactual with flows

Source:  Furman, Oleksii, Ulvi Movsum-zada, Patryk Marszalek, Maciej Zięba, and Marek Śmieja. "DiCoFlex: 
Model-agnostic diverse counterfactuals with flexible control." NeurIPS 2025.
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Generating counterfactual with flows

Source:  Furman, Oleksii, Ulvi Movsum-zada, Patryk Marszalek, Maciej Zięba, and Marek Śmieja. "DiCoFlex: 
Model-agnostic diverse counterfactuals with flexible control." NeurIPS 2025.



Other applications for normalizing flows 



Normalizing flow as a plug-in model for attribute manipulation

Source:  Wielopolski, Patryk, Michał Koperski, and Maciej Zięba. "Flow Plugin Network for conditional 
generation." arXiv preprint arXiv:2110.04081 (2021).

We consider trained autoencoder   



Normalizing flow as a plug-in model for attribute manipulation

Source:  Wielopolski, Patryk, Michał Koperski, and Maciej Zięba. "Flow Plugin Network for conditional 
generation." arXiv preprint arXiv:2110.04081 (2021).



Point cloud generation 

Source: https://github.com/stevenygd/PointFlow 

Conditional 
normalizing 

flow  



Probabilistic regression with flows

GOAL

Predict location distribution after given 
period of time

The problem of probabilistic 
regression modelling 

Source:  Zięba, Maciej, et al. "RegFlow: Probabilistic Flow-based Regression for Future Prediction." ACIIDS 
2024.



Probabilistic regression with flows

Source:  Zięba, Maciej, et al. "RegFlow: Probabilistic Flow-based Regression for Future Prediction." ACIIDS 
2024.



Probabilistic regression with flows

Source:  Wielopolski, Patryk, and Maciej Zięba. "TreeFlow: Going beyond Tree-based Gaussian Probabilistic 
Regression." ECAI 2023



Other flow applications

Source:  Lorek, Pawel, et al. "FlowHMM: Flow-based continuous hidden Markov models." NeurIPS 2022.



Thank you for your attention !!!


