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1 Introduction

Generative models aim to produce data based
on an unsupervised training of a model, which
in most cases consists of a deep neural network.
At the time of this paper, the most popular gen-
erative architectures consisted of Autoencoders
[1], Variational Autoencoders [2] and Generative
Adversial Networks [3]. In order to generate data,
these models are trained such that it learns a
transformation from an input sample noise to
a desired distribution. The most popular use
case is image generation, where the distribution
correspond to a certain class type. In order to
learn such transformation, these architectures
use an encoder-decoder architecture. Which im-
plies that the input data is transformed to a low-
dimensional latent feature representation by the
encoder, which then is used to generate a sample
by the decoder. Implying that the encoder must
learn to create a good latent and the decoder to
use such latent to generate a correct distribution.
The problem these models face is that by using a
latent, there is not a tractable density function
in which to optimize. A remedy for that is to use
variational inference, the Evidence Lower Bound
likelihood is commonly used to model the loss on

such models.
Considering the ideas of [4] this paper presents

a new generative approach based on diffusion. On
the context of this paper, diffusion is understood
as the process of gradually adding Gaussian noise
to the data. This process is represented by a
Markov chain in which the initial state is repre-
sented by the input data, each transition involves
adding noise to the previous state. The authors
present a diffusion probabilistic model which aims
to reverse this process, that is, learn to denoise
on each state. Unfortunately, this process is also
intractable, as such variational inference is used
during training.

2 Methodology

Given that it is intractable to learn the noise
added from one state at step t to a previous one
t− 1, the authors propose the use of variational
inference. This implies that such noise will be
approximated using a similar distribution. Thus,
a parametrized Gaussian N (xt;µ,Σ) will be em-
ployed, from which their mean (µ) and variance
(Σ) will be approximated using a neural network.
In other words, given a state at t the model aims
to approximate a correct mean and variance such
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that the generated noise is similar to the one
added at t − 1. In order to model the diffusion
process and its denoising counterpart, a forward
and backward process are presented respectively.
Additionally, a further consideration is presented
in order to generate the image on the final denois-
ing step.

2.1 Forward process

A transition from one state to another by grad-
ually adding Gaussian noise can be represented
as:

q(xt|xt−1) := N (xt;
√
1− βtxt−1, βtI) (1)

where q represents the posterior, xt a sample,
I an identity matrix with dimensions equal to
the samples and β the variance according to a
schedule β1...βT .

An interesting property pointed out by [4]
which considers: αt := 1− βt and αt := Πt

s=1αs

allows to sample at an arbitrary time step from
the initial sample x0

q(xt|x0) := N (xt;
√
αtx0, (1− αt)I) (2)

This technique allows to have a more efficient
sampling process during training.

2.2 Backward process

A denoising transition can be modeled as:

p(xt−1|xt) := N (xt−1;µθ(xt, t), βt) (3)

where θ denotes the parameters of a neural net-
work. It’s worth noting that the variance was
not parametrized in this paper. In order to make
tractable the diffusion process, the authors pro-
pose that a state xt−1 can be conditioned on their
posterior xt and initial x0 state as

q(xt−1|xt, x0) := N (xt−1;µt(xt, x0), βtI) (4)

The mean of such noise can be expressed as:

µt(xt, x0) :=

√
αt−1βt
1− αt

x0+

√
αt(1− αt−1)

1− αt
xt (5)

In order to approximate a denoised sample
given a current sample xt. Considering Equa-
tion 4, the parametrized mean µθ should approx-
imate µ. Therefore, a training objective can con-
sist of minimizing a squared norm between these
two terms. By re-parameterizing the current sam-
ple as:

xt(x0, ϵ) =
√
αtx0 +

√
1− αtϵ (6)

with ϵ ∼ N (0, I), a noised sample is only depen-
dent on only one noise ϵ. This allows to express
equations 4 and 6 differently. The main contri-
bution of the authors is to express the training
objective in terms of ϵt (sampled from the forward
process) and a parametrized ϵθ. Which has the
form:

L(θ) := Et,x0,ϵ

[
||ϵ− ϵθ(xt, t)||2

]
(7)

Its worth noting that ϵ is obtained from xt using
Equation 6. Finally, the mean for approximat-
ing a denoised version of the sample xt can be
computed as:

µθ(xt, t) =
1

√
αt

(
xt −

βt√
1− αt

ϵθ(xt, t)

)
(8)

2.3 Data scaling for images

Throughout all the forward and backward pro-
cess, data is scaled to be in the range [−1, 1].
This ensures consistency while working with the
neural network. While working with images, one
requirement for displaying it on a correct format
is that the data must be discrete and in the range
{0, 1, 2, ..., 255}. In order to achieve this scaling,
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a different training objective is used on this last
step. This objective consist of minimizing dis-
crete log likelihoods between the sample and the
original image.

2.4 Architecture

The architecture used on this paper implements
the backbone of PixelCNN [5], which is a U-Net
[6] with certain changes. First, group normaliza-
tion is used instead of weight normalization. The
number of residual blocks was reduced to two.
And sinusoidal position embedding [7] was used
on each residual block to distinguish time steps t
during diffusion.

3 Experiments

3.1 Sample Quality

The model was used on different datasets to gen-
erate new images. Using the CIFAR10 dataset,
the model was able to achieve a low FID score,
which at the time became the best score among
their competitors. By the other hand, for the
inception score, it didn’t score higher than its
competitors. This indicated that the model was
able to generate better features, but not so good
as evaluated in a classifier.

It’s worth noting, the inception score measures
the quality of a collection of images based on how
well the classification of such images performs on
an inception v3 classifier. On the other hand, the
FID score also uses the inception v3 classifier, but
measures how similar are the features (on the last
layer) generated by feeding the synthetic data in
comparison to ground truth images for such class.

3.2 Reparameterization and ablation
study

Considering Equation 3 it was stated that µθ

must approximate µ as shown in Equation 4. For
such, a reparameterization of xt considering ϵ was
proposed on Equation 6. The authors wanted to
see how much impact such change implied in the
model. In order to measure that, they trained
the model to approximate µ directly. The results
compared to just approximating ϵ show that by
using the reparameterization, better scores are
obtained. This indicates that by reducing the
complexity of the variable to approximate, the
model is able to yield more accurate results.

3.3 Progressive coding

Considering that the backward process starts
from a noisy data and progresses to the generation
of concrete data through the process of denoising.
It can be interpreted that on each time step there
is a recovery of information. In the same manner,
certain information can be lost or corrupted. This
is known as the rate-distortion behavior. It was
demonstrated by the authors that on the initial
steps of the backward pass there was high rate
and low distortion, while on the latter steps low
rate and high distortion. It can be interpreted
that on initial steps information w.r.t the final
distribution is being recovered while on latter
such information is being corrupted, reason why
it makes sense to use another decoder on the last
step.

3.4 Interpolation

An interesting property of generative models is
their ability to create an interpolated version of
two sources. GANs and VAEs perform this oper-
ation by interpolating their latent vectors before
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decoding it. The model of this paper takes a
similar approach. First, the sources are diffused
using the forward process, then interpolation is
performed between the two diffused data. Fi-
nally, the interpolation is passed to the backward
process. The results presented by the authors
indicate that the generated data does capture
features of the sources depending on the distance
of interpolation. The authors further claim that
during interpolation, certain artifacts could be
generated, which are corrected during the back-
ward process.

4 Conclusions

Generating data in an unsupervised manner has
been an ongoing problem throughout recent years.
There exists many approaches to tackle this prob-
lem. The diffusion probabilistic model presented
in this paper brought a new point of view on this
subject, which served as the base for other works
presented in the seminar [8], [9], [10], [11] and for
big projects [12] [13]. The impact of this model
can be attributed to its simplicity w.r.t to the
training objective and the minimal architecture
it uses to approximate its objective.

By the other hand, it also has drawbacks. The
first one, is that training and inference time are
longer than other models like GANs. This can be
attributed to the sampling of data which involve
a high number of time steps on the forward and
backward process. Another drawback presented
in the paper was that the model was unable to be
trained on a conditioned setting, reason why it
was unable to compare it with another models on
that setting. It was also observed that although
the model obtained a good FID score, it didn’t
had a good inception and negative log likelihood
in comparison with their competitors.

Considering the drawbacks, certain improve-
ments can be considered and proposed. In order
to tackle training time and a conditioned set-
ting, [8] already proposes an improved version of
the model, which is able to reduce training time
and work on a conditioned setting. In order to
improve the metrics mentioned, it can be con-
sidered the observation of the authors w.r.t the
rate-distortion behavior. As it was pointed out,
on later steps on the backward process there is
high distortion which could be corrected using
another network. Considering that the model
employs a different training objective on the last
step, a solution could involve to use of a decoder
network on early steps when rate is low and dis-
tortion starts to rise. A good candidate could be
a VAE or and auto encoder as proposed by [8].
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