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Agenda

• Introduction

• Analysis of Diffusion-Based Generative Models 

• Joint Diffusion Models

• Generative Modelling in Continual Learning
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Introduction
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Italian chef crying terrified when putting 
pineapple on the pizza

Machine learning researchers from Sapienza University eating lunch 
while sitting on the stairs of a fountain in Rome, a caravaggio style oil 

renaissance painting, intense chiaroscuro

Italian chef crying when adding cream
to the spaghetti carbonara



Data representation in generative modelling

• In a process of learning data distribution, generative models learn 
semantically meaningful data representations in an unsupervised way
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Applications Disentanglement

ConsolidationCompression

Structure

Interpolation



Diffusion-Based Generative 
Models
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Diffusion-based generative models
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Backward generative process

Forward diffusion process

𝑥0𝑥𝑇 𝑥𝑡−1𝑥𝑡

𝑞(𝑥𝑡|𝑥𝑡−1)

𝑝𝜃(𝑥𝑡−1|𝑥𝑡)

𝑁(0, 𝑰)



Analysis of DDGMs
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Analysis of the diffusion process

• The biggest changes in the log-SNR 
are noticeable within the first 10% 
of steps

• Data signal is the strongest within 
the first 10-20% of diffusion steps

• Reconstruction error grows 
beyond significant values after 
~10% of steps
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Linear schedule Cosine schedule

Logarithm of the signal-to-noise ratio

Reconstruction error from different diffusion step



• Reconstruction to original data 
sample with DDGM from a noised 
example does not require 
information about original data 
distribution

• Transition point between creation of 
new image features and removal of 
the remaining noise
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Reconstruction error for a DDGM trained on 
CIFAR10 and evaluated on different datasets

Do we need to know data distribution to 
remove noise?



= Generator + Denoiser
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𝑝𝜃𝑝𝜃

𝑥4000 𝑥2000 𝑥500 𝑥200 𝑥100 𝑥0

𝑝𝜃 𝑝𝜃 𝑝𝜃

DenoiserGenerator

DDGM 
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𝑝𝜃

𝑥4000 𝑥2000 𝑥500 𝑥0

𝑝𝜃 𝑝𝜃

𝑥200 𝑥100

𝑝𝜃 𝑝𝜃

DenoiserGenerator

𝑝𝜃

𝑥200 𝑥100

𝑝𝜃 𝑝𝜃

One step Denoising Autoencoder

𝑝𝜃2

DAED = DDGM + DAE



DAED formulation
We propose to bring a DDGM-based part into DAE for generating corrupted images. 

The resulting combined loss:

Differences between DAED and DDGM:

- We can control the amount of noise in 𝑞(𝑥1|𝑥0)

- We use two different parametrizations

- In the DAED, we introduce the explicit denoiser
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᪄𝓁 𝐱0;𝜑, 𝜃 = 𝔼𝐱1∼𝑞 𝐱1∣𝐱0 ln𝑝 𝐱0 ∣ 𝑓𝜑 𝐱1 + ln𝑝𝜃 𝐱1

≥ 𝔼𝐱1∼𝑞 𝐱1∣𝐱0 ln 𝑝 𝐱0 ∣ 𝑓𝜑 𝐱1

𝓁DAE 𝐱0;𝜑

+ 𝔼𝑞 𝐱2,…,𝐱𝑇∣𝐱1

ln𝑝𝜃 𝐱1,…,𝐱𝑇
𝑞 𝐱1,…,𝐱𝑇∣𝐱0

𝓁D 𝐱0;𝜃

,



Experiments
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How does the selection of splitting point 
affect the performance

We experimentally show that with up to 
10% of diffusion steps replaced with DAE we 
can observe no significant drop in model’s 
performance
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𝛽1 = 0.2
log 𝑆𝑁𝑅 0.3

𝛽1 = 0.1
log 𝑆𝑁𝑅 1.1

𝛽1 = 0.05
log 𝑆𝑁𝑅 1.8

𝛽1 = 0.025
log 𝑆𝑁𝑅 2.6

𝛽1 = 0.001
log 𝑆𝑁𝑅 5.8

Quality of generations (FID) for DAED with different switching 

points selected according to log(SNR)



Transferability of noise removal between data 
distributions

• DDGMs trained on one dataset 
can be used to remove noise 
on examples from an entirely 
different distribution

• DAED generalize can even 
better remove noise from 
unseen data distribution
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𝐱𝟎
DDGM
CelebA

DAED 
CelebA

DAED 
ImageNet

𝐱𝟏
𝛽1 = 0.1

DDGM
ImageNet



Joint Diffusion
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Can we use data representations from 
DDGMs?

• UNet encodes information 
about training examples

• We can take data 
representations from 
different timesteps

• Is this representation 
useful?
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ො𝐲𝐓 ො𝐲𝐭 ො𝐲𝐭−𝟏

𝐱𝟎𝐱𝐓 𝐱𝐭−𝟏𝐱𝐭

𝑥𝑡−1𝑥𝑡

Encoder Decoder

𝑧𝑡
1

𝑧𝑡
2

𝑧𝑡
3

𝑧𝑡

Pooling



DDGM representation for classification

• We can use DDGM representation from model trained in 
unsupervised way for classification 
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Joint training

• We can train a joint model that learns 𝑝(𝑥) and 𝑝 𝑦 𝑥 at the same 
time with a single parameterization 𝜃

• This improves the results of classification and allows for guided 
generations with better quality
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Fashion
MNIST

SVHN CIFAR 10 CIFAR 100

Classifier 94.7% 96.9% 94.0% 72.3% 

Joint 
Diffusion

95.3% 97.4% 96.4% 77.6%

Classifier Accuracy

Fashion
MNIST

CIFAR 10 CIFAR 100 CelebA

DDGM 7.8 7.2 29.7 5.6

Joint with 
guidance

5.9 6.4 16.8 4.8

Generations quality (FID)



Classifier-guided generations
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• Optimize the internal 
representations with 
gradient from the 
classifier wrt. target class



Counterfactual explanations

• Explain decision of the classifier by generating examples that require 
least changes but result in different predicted class
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Other applications

• Semi-supervised learning

• Unsupervised domain adaptation

• Continual learning?
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Generative models in 
Continual Learning
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Catastrophic forgetting
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Classifier

Training Evaluation

Class Test Accuracy

Horse 90%

Frog 90%

First data batch

Evaluation



Catastrophic forgetting
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Classifier

Training Evaluation

Class Test Accuracy

Horse 1%

Frog 1%

Car 90%

Plane 90%

Second data batch

Evaluation



Rehearsal and Generative Replay

Rehearsal:

• Storage of samples in the buffer

Generative replay:

• Regenerating previous samples 
with generative model

Training with combination of 
previous and currently available 
data
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Classifier

Buffer

Generative 

model

or

Currently available data

Past bath 

of data

Retrieved or 

reconstructed 

past examples



Continual Generative Learning

• The problem of training generative models on changing data 
distributions

• Usually associated with using generative models as a source of 
rehearsal examples

• Generative models suffer from catastrophic forgetting and other CL-
related issues as well
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Catastrophic forgetting in Generative Models
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Generative
model

Training Sampling

First task

Sampling

First task



Catastrophic forgetting in Generative Models
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Generative
model

Training Sampling

Second task

Sampling

First task Second task



Knowledge Consolidation with 
Generative Models
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Multiband VAE
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1. Local training on new data to 
create new data 
representations

2. Alignment of previous and 
currently available data 
latent representations with 
additional neural network 
(translator)

3. Retraining of global model 
with new examples and 
generations from previously 
available data

Local

Encoder
Local

Decoder

New 

data

Global 

Decoder

New 

Global 

Decoder

Encoded

previous data

Aligned latent

space

Translator



Experiments
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Toy example
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Generative 

Replay
(with task index)

Multiband VAE

Task 1- classes: [1]

Tasks split:
1

2

3

Partially same classesClass Incremental
Classes: 1

Classes: 0

Classes 1,2

Same class
alignment

Previous data 
degradation

Task 2 - classes: [0] Task 3 - classes: [1,2]

Previous data 
degradation

No alignment



Results
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Same class 
alignment

Continual generative training with 
Multiband VAE

• Preventing catastrophic forgetting 
through separation of entirely 
different tasks

• Alignment of data representations 
from partially similar task (e.g. 
with partial overlap in classes)

• Continual improvement with 
forward and backward knowledge 
transfer

Class incremental Partially same class

Aligned latent space of Multiband VAE with examples 
from different tasks (different colors)

34
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Sample generations

Examples from generations after 5 tasks of training with CelebA dataset and 10 tasks of training 

with FashionMNIST -> MNIST dataset. All examples in the same column are generated from the 

same random noise, but with different task conditioning



Take away

• Generative models are powerful methods not only for sampling but 
also for unsupervised representations learning

• Representations from generative models can be used in many 
downstream tasks such as classification, semi-supervised learning, 
domain adaptation

• Generative modelling can be used to consolidate knowledge in 
continual learning
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Thank You
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Time for pranzo



Backup slides
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