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Kurzfassung

Die Videogenerierung hat kürzlich bemerkenswerte Fortschritte erzielt und ermöglicht
nun die Erstellung von Videos, die zunehmend qualitativ hochwertiger und realistischer
sind. Moderne Ansätze greifen auf die Erfolge von Transformermodellen aus der Sprach-
verarbeitung zurück und ersetzen traditionelle U-NETs durch Di�usionsmodelle mit einer
Vision-Transformer Architektur. Die Implementierungsdetails führender Modelle wie Sora
sind nicht ö�entlich zugänglich, jedoch basieren andere Modelle wie Latte, GenTron
und SnapVideo auf den Konzepten von Sora, zu denen detailliertere Informationen zur
Implementierung verfügbar sind. Diese Modelle basieren ebenfalls auf Di�usionstrans-
formatoren und verwenden unterschiedliche Methoden, um die zeitliche Dimension zu
modellieren, ohne die Präzision der einzelnen Frames zu beeinträchtigen.

In dieser Arbeit werden die architektonischen Ansätze von Latte, GenTron und SnapVideo
untersucht, insbesondere ihre Strategien zur Erfassung räumlicher und zeitlicher Aspekte
sowie zur Integration von Textanweisungen. Ausgangspunkt ist ein Di�usionstransforma-
tor für Bildgenerierung, der auf Videogenerierung erweitert wird. Darüber hinaus werden
die Modelle Latte und SnapVideo so angepasst, dass sie statt kategorischer Eingaben nun
auch Textanweisungen verarbeiten können. Die Bildgenerierungsergebnisse werden mit
Metriken wie FID, CLIPSIM, SSIM, PSNR und LPIPS bewertet, während die Qualität
der Videogenerierung sowohl mit FVD als auch durch die Analyse der einzelnen Frames
mit den Bildmetriken beurteilt wird.

Die Modelle weisen klare Unterschiede bezüglich Qualität der generierten Videos auf.
GenTron bearbeitet die räumliche und zeitliche Dimension separat innerhalb eines einzigen
Transformer-Blocks. Dies führt zu präzisen Einzelbildern, jedoch treten gelegentlich
inkohärente Bewegungen zwischen den Frames auf. Latte erreicht eine bessere zeitliche
Kohärenz, indem es zwei separate Transformer-Blöcke nutzt � einen für die Analyse
der Einzelbilder und einen für die Bewegungen im Video. Dies geht jedoch zulasten der
Bildqualität. SnapVideo hingegen verarbeitet beide Dimensionen gleichzeitig, was häu�g
zu statischen und unscharfen Videos führt. Bei der Textintegration erzielt die Einbindung
von Text während der Verarbeitung einzelner Frames die besten Ergebnisse, während die
Integration auf der zeitlichen Ebene die Videoqualität negativ beein�usst.
Die Ergebnisse verdeutlichen, wie stark die unterschiedlichen Ansätze zur Integration
räumlicher, zeitlicher und textueller Informationen die Videoqualität beein�ussen und
wie wichtig es ist, diesen Aspekten besondere Beachtung zu schenken.
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Abstract

Video generation is a fast-evolving research �eld, producing increasingly impressive and
lifelike videos. New advances draw inspiration from the success of Transformer models in
Natural language processing, by utilizing Di�usion models with a Vision Transformer
backbone, replacing the traditional U-NET. The architectural details of leading video
generation models like Sora are not publicly disclosed; however, models such as Latte,
GenTron, and SnapVideo are built upon the concepts of Sora, for which more detailed
architectural information is available.

This thesis explores the architectural details of Latte, Gentron, and SnapVideo, examining
how the models operate on both spatial and temporal dimensions while integrating textual
guidance during the generation process. Beginning with a basic implementation of a
Di�usion Transformer for image generation, the code is extended to video generation,
following the implementation details of Latte, GenTron, and SnapVideo from their
respective papers and, when available, their o�cial code. Additionally, the Latte and
SnapVideo models, originally conditioned on class label inputs, are adapted to video-to-
text generation, testing various methods of integrating the textual prompt into the video
generation pipeline. The image generation results are evaluated using the image-based
metrics FID, CLIPSIM, SSIM, PSNR, and LPIPS, while the video generation samples
are assessed using FVD and frame-by-frame comparisons based on the image generation
metrics.

The di�erent approaches to handling spatial and temporal dimensions across the three
examined architectures resulted in signi�cant di�erences in the quality of the generated
videos. GenTron employs a Transformer block that separates the multi-head attention
into spatial and temporal components, which leads to high spatial accuracy but shows
occasional incoherent movement between frames. Latte utilizes two distinct Transformer
blocks � one for spatial attention and the other for temporal attention, which improves
the temporal coherence but results in lower frame quality. SnapVideo uses joint spa-
tiotemporal attention, producing the least favorable results by generating static videos
with blurry images. Regarding text guidance, the best results were achieved when the
text was integrated during spatial attention. Conversely, adding the text at the temporal
dimension decreased the overall quality of the generated video.
The results highlight the importance of carefully considering how spatial, temporal, and
textual information are integrated to produce high-quality video generation.
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CHAPTER 1
Introduction

Image generation is a research �eld that is rapidly changing and has demonstrated
continous improvements regarding image quality. Models like Imagen from Google
[SCS+ 22], DALLE-2 from OpenAI [ RDN+ 22], DiT from Meta [ PX23] are based on the
same underlying concept of di�usion models and produce photorealistic images with wide
diversity.
Di�usion models are based on the principle of transforming a complex image distribution
into a simple, well-known distribution like Gaussian. A denoising network is afterward
trained to reverse this transformation; in other words, it learns to reconstruct the complex
image distribution from the simpli�ed one. Given an initial image sample x0 from the
dataset, the di�usion process gradually corrupts the sample, until it eventually resembles
pure noise. The denoising network tries to predict the noise contained in the corrupted
image, learning to reconstruct the initial clear input sample x0. Over time, the model
can generate new images from a given noisy sample.
The di�usion process only de�nes the mathematical background for noise addition and
removal. The denoising network, on the other hand, is the key element for generating
new images. As a result, a well-designed architecture for the denoising network is crucial
for the model's performance. Current works primarily use a Transformer or U-Net-based
model for training. Figure 1.1 visualizes the intuition behind the di�usion process.

Figure 1.1: Intuition behind di�usion models

Building on the success of di�usion models in image generation, recent research has
started to explore their potential for generating videos. Under the assumption that a
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1. Introduction

video is a sequence of � mostly independent � images, the pre-trained image generations
were adapted for video predictions by inserting temporal layers. While these video
generation models demonstrate promising results, the movements between frames often
lack coherence. This led to extensive research to improve the denoising network backbone,
with di�erent approaches to model the spatial and temporal dynamics of the video.
Models like Sora [BPH+ 24] have set new standards and are able to generate high-quality
videos that accurately represent a given text prompt. Drawing on the success of natural
language processing (NLP) models that employ transformer architectures, newly released
video generation models are based on the Vision Transformer. Vision Transformers
are an adaptation of the original transformer model for image and video processing.
These models can capture global dependencies within videos, making them ideal for
video generation where an object's movement in a frame depends on previous frames.
However, transformer-based models come with signi�cant computational and storage
costs. Processing long videos in a single batch exceeds the capacity of current hardware.
To address this, di�erent architectural modi�cations have been proposed to minimize
redundant information while keeping important details.
GenTron [CXR+ 23] and Latte [MWJ + 24a] suggest focusing separately on the spatial
and temporal dimensions of a given video by �rst analyzing each frame individually, then
following speci�c pixels and how they change over time. SnapVideo [MSS+ 24], on the
other hand, attempts to simultaneously model both space and time by dividing a video
into groups and processing each group independently. However, information reduction
can be a di�cult task, as some information is insigni�cant and can be ignored, while
other details are necessary for the model to understand the input data. This makes
it even more important to understand the architectural details that contribute to the
success of leading video Di�usion Transformer models.
Yet, most of the prominent video generation models remain closed-source. While projects
like Latte [ MWJ + 24a] present themselves as an �open-source Sora,� the o�cial code only
includes class-based video generation.

1.1 Aim of this Work

This work aims to bridge the gap between understanding the theory behind the image
and video generation models based on Di�usion Transformers and their implementation.
By implementing three di�erent architectures � GenTron [ CXR+ 23], Latte [MWJ + 24a],
and SnapVideo [MSS+ 24] � this work tries to provide a deeper understanding of video
generation models. Furthermore, di�erent spatial and temporal modeling will be explored,
as well as their e�ect on the quality of the predicted videos. The code is based on the
o�cial implementation of Denoising Di�usion Probabilistic Models (DDPM) [ Nic21], the
o�cial implementation of the Di�usion Transformer (DiT) network [ PX22] for class-to-
image generation, as well as the o�cial implementation of the Latte model [MWJ + 24b] for
class-conditional video generation. The Di�usion Transformer network implementation
serves as a foundation, learning more about preprocessing techniques and architectural
details required for generating high-quality images. The class-to-image generation model
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1.1. Aim of this Work

will subsequently be adapted for video generation, following the architecture of GenTron,
Latte, and SnapVideo. Additionally, di�erent approaches will be tested to incorporate
text guidance in the Vision Transformer backbone. The implementation of DiT will be
trained on a class-to-image generation model, while the di�erent video generation models
will be trained on a text-to-video dataset. Using standard image and video generation
metrics, the di�erent models will be evaluated, where the evaluation results will be
compared with the actual perceptual sampling quality.
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CHAPTER 2
Background

2.1 Di�usion Models

Di�usion models are based on a �eld of physics that examines systems that are not in
thermodynamic equilibrium. An illustrative example can be ink spreading in water: In
the beginning, the ink is concentrated in one spot and the rest of the water remains clear.
The system is in an imbalanced state, but eventually, by the laws of physics, the drop
will di�use into the water until it reaches an equilibrium. Trying to reverse this process,
meaning bringing the ink back to a single drop, is not possible. However, this is the core
challenge that di�usion models try to address: taking corrupted data and reconstructing
its original form.

Di�usion models take a given image sample and systematically corrupt it with Gaussian
noise. Over time, more noise is introduced to the data sample until it resembles random
noise � analogous to the ink completely di�used in water. During this process, the
complex distribution of the input image is converted into a simpler, more manageable
one. A denoising network is now trained to reverse this process, by predicting the noise
contained in the corrupted input image. Starting from the noisy input data, the denoising
network gradually removes the estimated noise until the original data is reconstructed.

The advantage of di�usion models over other generative models, such as GANs (Generative
Adversarial Networks) or VAE (Variational Autoencoders), is that the prediction process
happens step-by-step. Instead of trying to model the entire complex data distribution
instantly, di�usion models break it down into smaller, more manageable steps. During
each step, the di�usion model tries to estimate small perturbations in the given noisy
input data, until it has reconstructed the original image [SDWMG15].

5



2. Background

2.1.1 The Generic Pipeline

The di�usion model de�nes a Markov chain of di�usion steps. The forward process
describes the concept of adding noise to the input data, while the reverse process
de�nes the procedure of gradually removing noise to bring the data back to its original
distribution. The forward process is applied to the input data during training and
sampling. However, it is important to note that the forward process does not include
any trainable parameters.
A generative model subsequently has to predict the noise added to the data. More
speci�cally, the model has to estimate the Gaussian mean� and variance � of the noise
added to the data. The reverse process involves removing the predicted noise, as a chain
of reverse transitions [SDWMG15][CKS23].
After training the model, new data can be generated during the sampling procedure.
The di�usion model can be described in two di�erent ways, using the discrete and
continuous formulations. The key di�erence between these formulations is the way the
di�usion timestep t is de�ned [Zha23]. The di�usion timestep de�nes the current stage
of the forward and reverse di�usion. During the forward process, the time step gradually
increases to its �nal value T. Conversely, the reverse process starts at the �nal time step
T and decreases back to zero. In the discrete formulation, time steps are restricted to
integer values, ranging from zero to a speci�ed �nal time stepT [HJA20]. Contrarily, the
continuous formulations use continuous time steps within the interval [0; 1], theoretically
allowing an in�nite number of time steps [SSDK+ 21]. Table 2.1 shows an overview of
the notations used in the next chapters with their corresponding description.

2.1.2 The Nature of Noise: Gaussian Distribution

The di�usion process is based on probability distributions, with the Gaussian distribution
playing a central role. The Gaussian distribution is de�ned by its mean � and variance
� . The mean de�nes the center of the noise and the variance indicates the dispersion of
the noise. The forward and reverse di�usion processes are de�ned utilizing a conditional
distribution. Given two variables x and y, the conditional distribution p(x jy) describes
the probability that variable x takes a value if the value ofy is known.
During the forward di�usion, the corruption of a given sample x t at di�usion time step t
is dependent on the state of the sample at the previous state denoted asx t � 1, starting
with the clear sample x0 at time step t = 0 . This process can be described by the
conditional probability

p(x t jx t � 1) = N (x t ; � t ; � t ): (2.1)

The notation in (2.1) describes the Gaussion probability density functionN parameterized
by � and � evaluated at point x t .
A common choice for the conditional probability distribution is a Gaussian distribution
with a diagonal covariance structure, i.e.,

p(x t jx t � 1) = N (x t ; � t ; � 2
t I ); (2.2)

6



2.1. Di�usion Models

Notation Terminology

N (x; � ; � ) Variable x follows the Gaussian distribution with mean � and variance �
x0 Initial Training sample
t Time step
T Total number of time steps
x t Noisy sample at time stept
� t Noise at time step t
q(x0) Distribution of original training sample at time step 0
p(x t ) Distribution of noisy sample at time step t
q(xT ) Distribution of noisy sample at �nal time step T
q(x t jx t � 1) Forward transition
q(x t � 1jx t ) Reverse transition
I Identity matrix
N (0; I ) Gaussian distribution
x � N (� ; � ) x is sampled from Gaussian distribution with mean� and variance �
� The parameters of the denoising network

Table 2.1: Overview Notations and Terminologies used to describe the di�usion model

where � t is the standard deviation.
To generate a noisier versionx1 from a given clear samplex0, sampling from the
distribution x t � p (x t jx t � 1) is required. However, random sampling is not di�erentiable.
Therefore, a re-parametrization trick is introduced, to express the random variablex t

as a deterministic variable. By sampling an independent random variable� t from the
Gaussian distribution � t � N (0; I ), the sampling can be de�ned as

x t = � t + � t � t ; (2.3)

given the mean� t and the standard deviation � t of the distribution. This re-parametrization
trick is applied during both the forward and reverse di�usion steps.

2.1.3 Two Formulations of Di�usion Models

Discrete Formulation: Denoising Di�usion Probabilistic Models (DDPMs)

The DDPM is a popular discrete formulation of di�usion models due to its straightforward
implementation and high quality in generated samples.

Forward Process During the forward process, DDPMs corrupt the training sample
according to the Markovian process: given the distribution of the training dataset q(x),
calculate q(x t ) from known q(x t � 1).
The Markov chain is a model, where the current statex t at time step t is only in�uenced

7



2. Background

by the previous onex t � 1. Starting with the original (non-noisy) sample x0 at time step
t = 0 , the subsequent data point x1 can be computed by adding a small amount of
Gaussian noise. This process follows the transition kernel which is de�ned as

q(x t jx t � 1) = N (x t ;
p

1 � � t x t � 1; � t I ); (2.4)

where x t is sampled from the Gaussian distribution of mean
p

1 � � t x t � 1 and variance
� t I . The variance schedule� t is a hyperparameter and serves as a scaling factor for mean
and variance, de�ning the rate of noise added at each step in the Markov chain.
The mean of the distribution q(x t jx t � 1) is a scaled version of at previous statex t � 1,
shifting the sample by the factor

p
1 � � t . The variance introduces noise around the

shifted version of x t � 1, by adding independent noise to each element � in the context of
image generation, to each pixel. A larger value for� t at time step t results in a greater
amount of noise being added.
Through multiple time steps, a sequence of noise samplesx1; x2; : : : ; xT are produced,
where the initial data sample x0 gradually loses its distinguishable features over time.
After T steps, the original data x0 converges to pure Gaussian noise. The entire process,
from the initial time step t = 0 to the �nal time step t = T, can be represented by the
Markov chain

q(x1:T jx0) =
TY

t=1

q(x t jx t � 1); (2.5)

where q(x1:T jx0) states that q is repeatably applied from time step 1 to T, given the
initial data point x0.
To obtain x t , one has to sample from the Gaussian distribution described in(2.4), using
the re-parametrization trick in (2.3). Sampling x t from the distribution can be expressed
as

x t =
p

1 � � t x t � 1 +
p

� t � ; (2.6)

with � � N (0; I ). (2.6) describes a step-by-step process where the noise is gradually
added to the initial sample x0 over time. However, this approach can be ine�cient,
particularly when the �nal time step T is large. To address this, the noise schedule� t

is reformulated, enabling the process to be expressed in terms of the initial time step
t = 0 . This allows for direct sampling of x t at any arbitrary time step t from the original
samplex0 [HJA20], i.e.,

q(x t jx0) = N
�
x t ;

p
�� t x0; (1 � �� t ) I

�
; (2.7)

with � t = 1 � � t , �� t =
Q t

i =1 � i and � � N (0; I ). Using the re-parametrization trick again
described in (2.3), the noise samplex t can be directly computed from initial sample x0

using
x t =

p
�� t x0 +

p
1 � �� t � : (2.8)

Following the (2.8), the noisy samplex t can be derived by adding random noise� sampled
from the Gaussian distribution to the initial sample x0. The amount of noise added is
scaled by

p
1 � �� t and the extent of the original sample still present is scaled by the

factor
p

�� t .

8



2.1. Di�usion Models

Reverse Process The reverse process involves denoising a corrupted samplex t , using
the model's predictions to identify and subtract the noise at each step.
During training, the model has learned to reverse of the forward processq(x t jx t � 1), by
estimating q(x t � 1jx t ), also called posterior distribution. The approximated posterior
distribution is denoted here asp� (x t � 1jx t ) with � being the parameters of the denoising
network.
More speci�cally, the denoising model learns to predict the mean� � (x t ; t) and variance
� � (x t ; t) for each reverse di�usion step, i.e.,

p� (x t � 1jx t ) = N (x t � 1; � � (x t ; t); � � (x t ; t)) : (2.9)

The distribution p� (x t � 1jx t ) is modeled as Gaussian for simple optimization, where the
variance � � (x t ; t) is isotropic and diagonal, i.e.,

� � (x t ; t) = � 2
t I : (2.10)

Similarly to the forward process, the reverse process can be written as a Markov chain,
i.e.,

p� (xT :0) = p(xT )
TY

t=1

p� (x t � 1jx t ): (2.11)

As shown in (2.11), the reverse di�usion process begins at time stepT, which corresponds
to the �nal step of the forward di�usion, where the original data sample x0 has been
transformed into pure noise, i.e.,

xT � N (0; I ); (2.12)

with

p(xT ) = N (xT ; 0; I ): (2.13)

Loss Function The marginal likelihood p� (x0) encapsulates how well the entire gener-
ative process, from forward to reverse di�usion, models the training data. It describes
the probability of observing x0, a sample from the dataset, given the parameters� . By
considering all possible pathways the model can follow to derive from pure noisexT the
reconstructed data samplex0, the marginal likelihood can be computed as

p� (x0) =
Z

p� (x0:T )dx1:T : (2.14)

During training, the denoising model attempts to learn the distribution of the training
dataset, optimizing its parameters � .
A natural choice for the loss function would be minimizing the negative log-likelihood,
which is de�ned as

� logp� (x0); (2.15)

9



2. Background

which would allow the model to indirectly learn how to reverse the forward di�usion
process. As stated in(2.14), computing p� (x0) would involve integrating over all possible
trajectories to receive the reconstructed data samplex0 from a noisy samplexT , which
is intractable [SL23]. Instead, the evidence lower bound (ELBO) is employed, to derive
a computable formula. The idea behind ELBO is to create a lower limit on how well a
model can explain a set of observed data points. This limit helps evaluate the model's
performance and is given by

logp(x) = log
Z

p(x0:T ) dx1:T (2.16)

= log
Z

p(x0:T ) q(x1:T j x0)
q(x1:T j x0)

dx1:T (2.17)

= log Eq(x 1:T jx 0 )

�
p(x0:T )

q(x1:T j x0)

�
(2.18)

� Eq(x 1:T jx 0 )

�
log

p(x0:T )
q(x1:T j x0)

�
(2.19)

where in the last step Jensen's inequality is applied. After some simpli�cation, the loss
function can be rewritten as

E [� logp� (x0)] � Eq[DKL (q(xT j x0) k p(xT ))
| {z }

L T

(2.20)

+
X

t> 1

DKL (q(x t � 1 j x t ; x0) k p� (x t � 1 j x t ))| {z }
L t � 1

� logp� (x0 j x1)
| {z }

L 0

]:

The loss terms directly compare the outcomes of the forward di�usion steps ofq and the
reverse steps predicted byp� , utilizing the Kullback-Leibler (KL) divergence (except for
L 0) [HJA20]. The Kullback-Leibler divergence DKL (qjjp) is de�ned as

DKL (qjjp) =
Z

log
q(x)
p(x)

dx (2.21)

and measures how much a probability distribution p di�ers from the true probability
distribution q. The loss terms of (2.20) represent the following:

ˆ L T : measures KL divergence betweenq(xT jx0) and p(xT ). It re�ects how close
xT is to the Gaussian noise. This component of the loss is removed in the o�cial
paper [HJA20], sinceL T has no trainable parameters.

ˆ L 0: re�ects how closely the model can reconstruct the original input data. In the
original paper, this term is learned by a separate decoder [HJA20].

10



2.1. Di�usion Models

ˆ L t � 1: measures the accuracy of the estimated denoised sample by calculating the
di�erence between the desired denoising stepsq(x t � 1jx t ; x0) and the estimated ones
p� (x t � 1jx t ). This represents the core objective of the denoising model.

Considering the KL divergence between two distributionsp and q, where the variances
are diagonal and equal, i.e.,� p = � q = � I , the KL divergence simpli�es to

DKL (qjjp) =
1
2

(� p � � q)| � � 1
p

�
� p � � q

�
: (2.22)

This allows to transform the loss term L t � 1 of (2.20) to

L t � 1 = Ex 0 ;�

"
1

2k� � (x t ; t)k2
2

k�~t (x t ; x0) � � � (x t ; t)k2

#

; (2.23)

where �~t (x t ; x0) is the mean of the conditional probability q(x t � 1jx t ; x0) and � � (x t ; t)
is the predicted mean of reverse di�usion step de�ned in (2.9).
The conditional probability q(x t � 1jx t ; x0) can be described as a reverse di�usion step
towards x t � 1, if x0 is known as a reference. The reverse conditional probabilityq(x t � 1jx t )
is intractable, however, conditioning the distribution on x0, i.e. q(x t � 1jx t ; x0), makes it
computable. It is de�ned by

q(x t � 1 j x t ; x0) = N (x t � 1; �~t (x t ; x0) ; � t~2I ) (2.24)

with

�~t (x t ; x0) =
p

� t (1 � �� t � 1)
1 � �� t

x t +
p

�� t � 1� t

1 � �� t
x0 (2.25)

and

� t~ =
1 � �� t � 1

1 � �� t
� t : (2.26)

Replacing x0 with x0 = 1p
�� t

(x t �
p

1 � �� t � t ) from (2.8), the mean �~t (x t ) now only
depends onx t with

�~t (x t ) =
1

p
� t

�
x t �

� tp
1 � �� t

�
�

: (2.27)

If the denoising network � � is now trained to approximate � and consequently the mean
�~t , it can be rewritten as

�~� (x t ; t) =
1

p
� t

�
x t �

� tp
1 � �� t

� � (x t ; t)
�

: (2.28)

11



2. Background

Inserting (2.28) and (2.27) to the loss term L t � 1 de�ned in (2.23) and after further
simpli�cations, the loss function can be re-parametrized to the estimated noise� � , which
is also the �nal representation of the loss function, i.e.,

L t := Ex0 ;�

"
� 2

t

2k� � (x t ; t)k2
2� t (1 � �� t )

k� � � � (x t ; t)k2

#

; (2.29)

with x t being the corrupted sample at timestept according to the forward di�usion
process

� � (x t ; t) :=
p

�� t x0 +
p

1 � �� t � ; (2.30)

and � representing the current noise present in samplex t . The actual noise is compared
to the predicted noise of the denoising model, described as� � (x t ; t).
In the original paper [HJA20], it was suggested to ignore the weighting term and therefore
�x the variance to a constant � � = ( 1� �� t � 1

1� �� t
� t )I . This simpli�es to a mean squared error

between the noise added during the forward process and the predicted noise from the
model, i.e,

L := Ex 0 ;� k� � � � (x t ; t)k2; (2.31)

with

� � (x t ; t) :=
p

�� t x0 +
p

1 � �� t � : (2.32)

Subsequent empirical studies revealed that predicting the variance enables sampling with
fewer steps [ND21]. The loss function is updated enabling the model to predict the
variance, de�ned as

L var = L + �
TX

t=0

L t ; (2.33)

where L is de�ned in (2.31) and L t is de�ned in (2.29) with a regularization hyperparam-
eter � [DN21]. The variance � � is not predicted directly from the model, instead, the
model predicts a vectorv that contributes to the calculation of the variance, described as

� � (x t ; t) = exp
�

v log � t + ( 1 � v) log
1 � �� t � 1

1 � �� t
� t

�
; (2.34)

where exp is the exponential operator.

Training The generative model is trained on noisy input samples, predicting the
expected noise� � contained in the corrupted samples, denoted as� . During each training
step, the model takes a clear input samplex0 from the training dataset and introduces
noise to the input according to the forward process

x t =
p

�� t x0 +
p

1 � �� t � (2.35)

12



2.1. Di�usion Models

with � t = 1 � � t , �� t =
Q t

i =1 � i and � � N (0; I ). The current time step t de�nes the
amount of noise returned by the noise scheduler� t , where a largert indicates more noise
and smaller t represents less noise. During training, the current time step is sampled
randomly from a range of [0; T] with time step T as the �nal time step.
If the model predicts only the noise and the variance is �xed to � � =

�
1� �� t � 1

1� �� t
� t

�
I ,

the model computes the mean squared error between the actual noise� present in the
corrupted input sample and the predicted noise� � (x t ; t) from the model. The training
process is described in Algorithm 2.1. The noise scheduler� is prede�ned to one of

Algorithm 2.1: DDPM Training

Input: noise scheduler� t with � t = 1 � � t , �� t =
Q t

i =1 � i

1: repeat
2: x0 � q(x0) B Samplex0 from training dataset
3: t � Uniform( f 1; : : : ; Tg) B Sample random timestept
4: � � N (0; I ) B Draw new noise vector�
5: x t =

p
�� t x0 +

p
1 � �� t � B Corrupt data with Gaussian noise

6: � � = DDPM_model (x t ; t) B Predict noise � �

7: Take gradient descent step onr � k� � � � (x t ; t)k2

8: until converged

the various options outlined in Section 2.1.4, where the schedule at a given time step
t is de�ned as � t . The values of the noise scheduler for each possible time stept are
calculated before training.

Sampling (Inference) Once the model has been trained on the parameters� to
approximate the true reverse processq(x t � 1jx t ) as closely as possible with the estimate
p� (x t � 1jx t ), it can be used to generate new images. The posterior distribution described
by the model, p� (x t � 1jx t ) is given by

p� (x t � 1jx t ) = N (x t � 1; � � (x t ; t) ; � � (x t ; t)) : (2.36)

The original paper [HJA20] chose to �x the variance to an untrained time-dependent
constant that is

� � = � 2
t I ; (2.37)

where

� t =

s
1 � �� t � 1

1 � �� t
� t : (2.38)

Therefore the approximated posterior distribution can be rewritten as

p� (x t � 1jx t ) = N
�
x t � 1; � � (x t ; t) ; � 2

t I
�
; (2.39)
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2. Background

with

� � (x t ; t) =
1

p
� t

�
x t �

1 � � tp
1 � �� t

� � (x t ; t)
�

: (2.40)

Using the re-parametrization trick in (2.3), it is possible to directly sample from the
posterior distribution estimate p� (x t � 1jx t ) with � � N (0; I ), i.e.,

x t � 1 = � � (x t ; t) + � t � ; (2.41)

so that

x t � 1 =
1

p
� t

�
x t �

1 � � tp
1 � ��

� � (x t ; t)
�

+ � t � : (2.42)

The sampling starts with xT � N (0; I ). The generative model iteratively removes the
noise contained in the corrupted sample to retrieve the reconstructed datax0. During
sampling, the model estimates the entire noise present in the samplex t to retrieve x0.
The predicted noise� � (x t ; t) is afterward removed from the noisy samplex t . But instead
of removing all the noise at once, the model eliminates only a fraction of the predicted
noise from the noisy sample. As the time stept approaches0, progressively larger portions
of the predicted noise are eliminated, with the entire predicted noise being removed at
the �nal time step 0.
The sampling process can be described according to Algorithm 2.2.

Algorithm 2.2: DDPM Sampling

Input: noise scheduler� with � t = 1 � � t , �� t =
Q t

i =1 � i , � t =
q

1� �� t � 1
1� �� t

� t

Output: reconstructed samplex0

1: xT � N (0; I )
2: for t = T, . . . , 1 do do
3: if t > 1 then
4: z � N (0; I ) B Draw new noise vectorz
5: else
6: z = 0 B Don't add noise at the last step
7: end if
8: � � = DDPM_model (x t ; t) B Predict noise � �

9: x t � 1 = 1p
� t

�
x t � 1� � tp

1� �� t
� �

�
+ � t z B Remove predicted noise� �

10: end for
11: return x0

Continuous Formulation: Score SDE Formulation

Forward Process To understand the continuous formulation of the forward process,
one has to �rst consider the sampling from the transition kernel from the DDPM forward

14



2.1. Di�usion Models

di�usion process, which � before using re-parametrization � is described as

x t =
p

1 � � t x t � 1 +
p

� t N (0; I ): (2.43)

The noise scheduler� can be interpreted using step size� t, and therefore the sampling
process is rephrased as

x t =
q

1 � � (t)� tx t � 1 +
q

� (t)� tN (0; I ); (2.44)

where � t = � (t)� t and � t is the step size, with � (t) as a function that adjusts the step
size at time t.
If the step size is negligibly small, the �rst term of the sampling process in(2.44) can be
rewritten using a Taylor expansion, i.e.,

x t � x t � 1 �
� (t)� t

2
x t � 1 +

q
� (t)� tN (0; I ): (2.45)

The sampling process formulated in(2.45) can be interpreted as an iterative update
that corresponds to a certain discretization of a stochastic di�erential equation (SDE),
describing di�usion in the in�nitesimal limit, i.e.,

dx t = �
1
2

� (t)x t dt +
q

� (t)dwt ; (2.46)

which can be more generally described as

dx t = f (x ; t)dt + g(t)dw; (2.47)

where dwt is the standard Wiener process based on Brownian motion,f (x ; t) is a scalar
function formulating the drift coe�cient, determining the rate at which the process dx
evolves on average, andg(x; t) is called the di�usion coe�cient, de�ning how much noise
is added over time.
By setting f (x ; t) = � 1

2 � (t)x t and g(t) =
p

� (t), the DDPM framework is described in
continuous time, namely Variation Preserving SDE (VP SDE). As a result, DDPM is
a special case of di�usion model with SDE, where(2.47) describes the general case. A
Variation Explosion (VE) SDE has also been proposed; however, it will not be discussed
in this context.
Considering the additive terms of the updatedx t on x t over time individually, it becomes
apparent that the �rst term describes a negative update direction towards state x t ,
pulling its contribution towards zero. At the same time, the second term

p
� (t)dwt

gradually adds noise over time. Intuitively, by repeating this update process multiple
times, x t ultimately becomes pure noise, which is the intended outcome of the forward
di�usion process.

Reverse Process Given a forward stochastic di�erential equation, one can describe
the reverse of that SDE. [And82] The reverse generative di�usion SDE can be described
as

dx =
�
f (x ; t) � g(t)2r x logp(x)

�
dt + g(t)dw� : (2.48)
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2. Background

In the context of a Variation Preserving SDE, this is de�ned as

dx t =

drift termz }| {0

B
@�

1
2

� (t)x t � � (t) r x t logqt (x t )| {z }
�Score Function�

1

C
A dt +

di�usion termz }| {q
� (t)dw� t ; (2.49)

where dw� t is a standard Wiener process with time �owing backward from T to 0. The
score function r x t logqt (x t ) depends on the distribution of the training data x at time
t. But the distribution of the training data q(x) is not known. The idea is now to
approximate the distribution with a denoising model p� , where � are the network's
parameters.

Loss Function The denoising model is trained to �t the score function r x t logqt (x t ),
which can be described as the minimization problem

min
�

Et �U (0;T )
| {z }
di�usion

time t

Ex t � qt (x t )
| {z }
di�used
data x t

k s� (x t ; t)
| {z }
denoising
network

� r x t logqt (x t )| {z }
score of

di�used data

k2
2: (2.50)

The idea is to draw a di�usion time t from the uniform distribution in the range [0; T],
then sample di�used data at time step t and give this as input to the model s� with the
time t. The model is trained to predict the gradient of the logarithm of the distribution
qt (x t ) of the data point x at time step t. The loss can be calculated utilizing a simpleL 2

term between predicted score functions� and the log of the probability density function
r x t logqt (x t ).
The problem of the above(2.50), as stated already, is that it is not tractable because
there is no analytical expression of the distributionq(x) of the dataset. If it were possible,
there would be no need to train a model to approximate it.
Instead, denoising score matching is considered to train the model and describe the loss
function. It utilizes the conditional density qt (x t jx0) given a particular data point x0 from
the dataset instead of the full di�use density qt (x t ). The advantage of the conditional
distribution is that qt (x t jx0) is tractable. The modi�ed loss function can now be written
as

min
�

Et �U (0;T )
| {z }
di�usion

time t

Ex 0 � q0 (x 0 )
| {z }

data
samplex0

Ex t � qt (x t )
| {z }

di�used data
samplex t

k s� (x t ; t)
| {z }
denoising
network

� r x t logqt (x t jx0)
| {z }
score of di�used

data sample

k2
2:

(2.51)

Now the network can be trained to approximate the score of a di�used individual data
point x0.
Given a di�usion time t sampled from the uniform distribution of range [0; T], the model
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2.1. Di�usion Models

draws a particular samplex0 from the dataset and di�uses the data point x0 towards the
corrupted variant x t at time step t. The network takes the noisedx t as input, training
the score of this one particular di�used data samplex0.
It turns out that by employing the loss function of (2.51), the model still learns to
approximate the dataset distribution. This is intuitive because the model tries to predict
the reconstructed data x0 from a given noisy samplex t . The noisy data could represent
many possible values of the original datax0. The model essentially averages over the
possible values, learning over time to approximate the score of the full di�used data
distribution.
Using re-parametrization sampling with x t = 
 t x0 + � t � , � � N (0; I ), 
 t = e� 1

2

Rt

0
� (s)ds

and � 2 = 1 � e� 1
2

Rt

0
� (s)ds the score function simpli�es to

r x t logqt (x t jx0) = �
�
� t

: (2.52)

Here, � represents the noise introduced during re-parametrized sampling and� t is the
standard deviation at time step T. By parametrizing the denoising network with

s� = �
� � (x t ; T)

� t
; (2.53)

the loss function can be rewritten as

min
�

Et �U (0;T )Ex 0 � ' 0 (x 0 )E� �N (0;I )
1
� 2

t
k� � � � (x t ; t)k2

2 : (2.54)

If the parametrization of the denoising network is chosen according to(2.53), the model
is trained to predict the noise values� that were used to perturb the input data x0,
equivalent to the training objective of the DDPM.
The advantage of the continuous structure of the Score SDE is that it also allows for
conditional generation, introducing conditional information such as class labels or text
prompts through the di�usion process, which is described in Section 2.1.4.

Sampling (Inference) Due to the decoupling from training, there exist multiple
inference methods. Since the implementation will focus on DDPM models, this section
will not go into detail about the di�erent sampling methods. The following are three
popular sampling methods, which try to numerically solve the reverse-time SDE:

ˆ higher-order adaptive step size SDE solver,

ˆ Euler-Maruyama,

ˆ ancestral sampling.
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2.1.4 Noise Schedule

The noise schedule� t de�nes the amount of noise added to the input during the forward
di�usion process and removed during reverse computation at time stept. It is a critical
component of di�usion models, as too rapid noise addition and removal can result
in premature information loss, preventing the model from ever converging, while an
excessively slow schedule can lead to unnecessarily long computation times. The following
paragraphs describe the linear schedule, cosine schedule, sigmoid schedule, exponential
schedule, and guidance schedule.

Linear Schedule The Linear Schedule adds or removes noise at a constant rate, linearly
increasing during the forward process and linearly decreasing during the reverse process.
It can be described with

� t = � end + ( � start � � end)
�

t
T

�
; (2.55)

where � start is the initial noise level, � end is the �nal noise level, t is the current time
steps,T is the total numbers of time steps.

Cosine Schedule The cosine schedule ensures a smoother transition between noise
levels. During the forward process, it introduces smaller noise at the beginning and
increases the noise more rapidly toward the end. It is de�ned by

� t = � end + 0 :5(� start � � end)
�

1 + cos
�

�
t
T

��
; (2.56)

where � t � start is the initial noise level, � end is the �nal noise level, t is the current time
steps,T is the total numbers of time steps.

Sigmoid Schedule The sigmoid schedule introduces noise more gradually at the
beginning and end of the forward di�usion process while taking larger steps in the middle.
This characteristic follows the idea of preserving important features in the initial and
later stages of di�usion modeling. It is described with

� t = � end + ( � start � � end)
�
1 + e� k( t

T � 1
2 )

�
; (2.57)

where � t � start is the initial noise level, � end is the �nal noise level, t is the current time
steps,T is the total numbers of time steps andk is a parameter.

Exponential Schedule The exponential schedule adds more noise at the beginning and
gradually reduces the noise level in later stages. This facilitates more gradual re�nement
during the later stages while enabling faster extraction of �ne details early on. It is
de�ned by

� t = � start

�
� end

� start

� t
T

; (2.58)

where � start is the initial noise level, � end is the �nal noise level, t is the current time
steps,T is the total numbers of time steps.
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Guidance Mechanisms

Guidance mechanisms have been introduced to in�uence the output of generation models
on conditions like class labels or text prompts.

Classi�er Guidance Classi�er guidance employs an additional classi�er with trainable
weights to control the generation process of a di�usion model. The conditioning input
for this method consists of class labels. This entails that the in�uence of the classi�er on
the di�usion process is restricted to the categories the classi�er has been trained on. To
understand how the classi�er is integrated into the di�usion model, one has to revisit the
reverse process of the continuous formulation. It is formulated as a stochastic di�erential
equation, i.e.,

dx =
�
f (x ; t) � g(t)2r x logpt (x )

�
dt� + g(t)dw� ; (2.59)

where the model is trained to estimater x logp(x), more speci�cally, it approximates
r x logq(x t jx0) as described in (2.51).
To guide the di�usion model towards a given class labelc, the model needs to predict the
conditional score function r x logp(x t jc) instead. By applying Bayes' rule, the conditional
score function can be decomposed into

p(x t jc) =
p(cjx t )p(x t )

p(c)
; (2.60)

which can be simpli�ed to

logp(x t jc) = log p(cjx t ) + log p(x t ) � logp(c); (2.61)

r x t logp(x t jc) = r x t logp(cjx t ) + r x t logp(x t ); (2.62)

with r x t log(c) = 0 due to log(c) = const .

By training a separate classi�er to model p� (cjx t ; t), which takes the corrupted data x t

and time step t as inputs and predicts the class labelc, the conditional score function is
described by

r x t logp� (x t jc) = wr x t logp� (cjx t ) + r x t logp� (x t ): (2.63)

The primary drawback of this approach is that additional training of a classi�er is needed.
Moreover, the categories on which the di�usion model's generation can be conditioned
are limited by the dataset used to train the classi�er.

Classi�er-Free Guidance Classi�er-free guidance does not need an additional classi�er
as the name suggests but is based on the classi�er guidance method. This method is
employed in most of the latest generative di�usion models that utilize text as input
because it allows for training without restrictions on the number of categories. Instead of
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training a separate classi�er, the model is trained to approximate both p(x t jc) and p(x t ).
In other words, the di�usion model is trained to represent both a conditional and an
unconditional model. During training, the conditional input c is randomly removed and
replaced with a special value representing an empty token. To express the conditioning
term as a function of the conditional and unconditional score functions, the Bayes rule
can be applied according to

p(x t jc) =
p(x t jc)p(c)

p(x t )
; (2.64)

which simpli�es to

logp(cjx t ) = log p(x t jc) + log p(c) � log(x t ); (2.65)

and

r x logp(cjx t ) = r x logp(x t jc) � r x logp(x t ): (2.66)

With that, the conditional score function from the classi�er guidance can be adapted
according to

r x logp� (x t jc) = r x logp(x t ) + 
 (r x logp(x t jc) � r x logp(x t )) : (2.67)

Training DDPM with Classi�er-Free Guidance To allow classi�er-free guidance,
the original training of the DDPM can be rewritten as Algorithm 2.3.

Algorithm 2.3: DDPM Training � Classi�er-Free Guidance

Input: noise scheduler� t with � t = 1 � � t , �� t =
Q t

i =1 � i , probability of
unconditional training puncond

1: repeat
2: x0; c � q(x0; c) B Samplex0 and condition c from training dataset
3: c  ? with probability puncond B Randomly discard conditioning
4: t � Uniform( f 1; : : : ; Tg)
5: � � N (0; I )
6: x t =

p
�� t x0 +

p
1 � �� t � B Corrupt data with Gaussian noise

7: � � = DDPM_model (x t ; t; c)
8: Take gradient descent step onr � k� � � � k2

9: until converged

DDPM Sampling � Classi�er-Free Guidance During Classi�er-Free Guidance
sampling, the predicted noise� � (z; t; ccond) based on conditional information ccond and
the noise predicted without additional guidance information � � (z; t; cuncond ) are combined
according to Algorithm 2.4.
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Algorithm 2.4: Sampling � Classi�er-Free Guidance

Input: noise scheduler� t with � t = 1 � � t , �� t =
Q t

i =1 � i , � t =
q

1� �� t � 1
1� �� t

� t ,
guidance strengthw

Output: reconstructed samplex0

1: ccond � q(x0; c)
2: cuncond  ?
3: xT � N (0; I )
4: for t = T, . . . , 1 do do
5: if t > 1 then
6: z � N (0; I ) B Draw new noise vectorz
7: else
8: z = 0 B Don't add noise at the last step
9: end if

10: � � cond = DDPM_model (x t ; t; ccond) B Sample with condtion
11: � � uncond = DDPM_model (x t ; t; cuncond ) B Sample without condtion
12: � t = (1 + w)� � cond � w� � uncond

13: x t � 1 = 1p
� t

�
x t � 1� � tp

1� �� t
� t

�
+ � t z

14: end for
15: return x0

2.2 Architecture

2.2.1 U-Net

The U-Net [RFB15] is a convolutional neural network and was proposed by the paper
Denoising Di�usion Probabilistic Models (DDPM) [ HJA20] as the backbone architecture
for di�usion models. Originally designed for image data, it still is a common network
used for computer vision tasks because of its ability to extract local context and texture
details.
The architecture is divided into an encoder and a decoder. The encoder's task is to
compress the input image while the decoder reconstructs the image from the compressed
information. Along the contracting path, each layer of the U-Net shrinks the input
image by removing raw information. The decoder now faces the challenge of expanding
the compressed data back to the same size as the original input image. By using skip
connections between the contracting and expanding path, the decoder receives additional
context from the encoder that should help during the decoding process.
Four attention blocks are used to incorporate conditional data like text information
into the generation process. The architecture is adapted from the standard Transformer
decoder architecture. Figure 2.1 visualizes the architectural details of the U-Net model.
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Figure 2.1: U-Net architecture

2.2.2 Vision Transformer

Revisiting the Transformer Network

The Transformer model [VSP+ 23] is a deep learning architecture originally designed for
natural language processing (NLP) tasks. It is known for its ability to capture long-range
dependencies, it has since been adapted for vision tasks as the Vision Transformer
(ViT) [ DBK + 20]. To understand the principles underlying the Vision Transformer, the
components of the original transformer are discussed in the following paragraphs. Figure
2.2 visualizes the architecture of the Transformer model. The architecture is built on an
encoder-decoder structure, where each part includes multi-head attention mechanisms,
feed-forward neural networks, and layer normalization.

Self-Attention Mechanism The attention operation is a method to analyze the
relationship of tokens in a given input sequence and helps the transformer to focus on
the relevant information. Given an input of shape

X 2 Rbatch � tokens� dmodel ; (2.68)

with trainable weight matrices

W Q ; W K ; W V 2 Rdmodel � dk ; (2.69)

where

ˆ dmodel refers to the dimensionality of the embedding vector for each element in the
input sequence,

ˆ dk represents the inner dimension speci�c to each self-attention layer,

ˆ batch is the batch size,
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Figure 2.2: Transformer model

ˆ tokens represents the number of elements in the sequence,

the self-attention mechanism is implemented utilizing the �scaled dot product attention�
which is de�ned as

Attention( Q; K ; V ) = softmax
�

QK |
p

dk

�
V : (2.70)

The attention calculation is based on the matrix representation of queriesQ, keys K ,
and value V . These matrices are derived from the inputX , i.e.,

Q = XW Q ; (2.71)

K = XW K ; (2.72)

V = XW V ; (2.73)

where

Q; K ; V 2 Rbatch � tokens� dk : (2.74)

The weight matrices W K , W V , W Q are learned during training of the neural network.
To understand the attention calculation in detail, the following explains the method
step-by-step:
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1 Calculation of the attention score, i.e., QK | : The dot product calculation between
queries and keys is a crucial step in the attention calculation, as it represents how
much attention each token should place on another token of the corresponding
input sequence. A high value of the dot product signi�es greater focus. The weight
matrices W K and W Q learn this relationship during training.

2 Scaled attention scores, i.e.,QK |
p

dk
: To ensure more stable gradients, the magnitude

of the attention score is reduced by the factor 1p
dk

, where dk is the dimension of
the key matrix K .

3 Applying softmax, i.e., softmax
�

QK |
p

dk

�
: After applying the softmax function to

the scaled attention scores, the values range from 0 to 1. The probability values
emphasize the tokens that should receive more attention in comparison to others.

4 Computing the context vector, i.e., softmax
�

QK |
p

dk

�
V : The softmax calculation in

step three returns probabilities for each token in the corresponding input sequence.
Those probabilities are combined with the input X scaled by the weight matrix
W V , where only those tokens are kept that received a high attention score.

Figure 2.3 visualizes the process of self-attention, given inputX .

Figure 2.3: Self-attention mechanism

Cross Attention Mechanism The cross-attention computation is similar to the
self-attention method. However, instead of learning the relationship between tokens
within the same input sequence, cross-attention captures the relationship between two
di�erent inputs X 2 Rbatch � tokens� dmodel and Y 2 Rbatch � tokens� dmodel . This can be simply
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achieved by a keyK and value V matrix representing the second input Y , i.e.,

K = YW K ; (2.75)

V = YW V ; (2.76)

with matrix shapes according to 2.69. In the Transformer model, a cross-attention layer
is used in the decoder block. The decoder block takes the output of the encoder block
as input for the query matrix to be able to consider the output of the encoder when
generating new sequences.

Multi-Head Attention The attention mechanism explained in Section 2.2.2 is com-
puted multiple times during multi-head-attention. Each computation is called the
attention head. By splitting the query matrix Q, the key matrix K , and the value matrix
V , each partition can afterward be independently passed through a separated head. After
the attention calculation, the results of the heads are combined to produce the �nal
attention score. Utilizing multiple heads allows the model to grasp multiple aspects of the
input data, each head focusing on a di�erent one. The multi-head attention calculation
is visualized in Figure 2.4.

Figure 2.4: Multi-head attention

Feed-Forward network The feed-forward network is a sub-unit within the encoder
and decoder of the Transformer model. It is placed after the self-attention calculation
in the encoder block, as well as after the cross-attention layer of the decoder block. It
introduces non-linearity to the model and can be interpreted as a re�nement of the
features extracted through attention calculation. During the forward pass of the input x
through the feed-forward network, it undergoes the following steps:

1 Linear transformation: The input X is �rst passed through a linear module with
learnable weight.
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2 Activation function: The activation function introduces non-linearity, allowing the
model to learn more complex and detailed patterns within the data.

3 Dropout: The dropout module prevents the model from over-�tting, by randomly
ignoring some layer outputs during training.

4 Layer normalization: LayerNorm is applied at the �nal layer of the feedforward
network to stabilize it by unifying the non-standard data into a speci�ed format.

Residual Connection Between each multi-head attention and feedforward network
layer a residual connection is added. Utilizing residual connections helps to combat
the vanishing gradient problem, by connecting the input of each layer to its output as
visualized in Figure 2.5.

Figure 2.5: Residual connection concept

Layer Normalization Normalization is a preprocessing technique applied to the input
data, transforming the features to a common scale. The original transformer architecture
uses layer normalization [BKH16], which ensures that the intermediate layers have a
consistent distribution. Each layer is handled independently, in other words, the mean
and variance of the activations in each layer are computed separately. Given the inputX
according to 2.68, the layer normalization can be mathematically described as

LN( X ) = 
 x̂ i + �; (2.77)

where x i represent the elements in the last dimension ofX and

� =
1

dmodel

dmodelX

i =1

x i ; (2.78)

� 2 =
1

dmodel

dmodelX

i =1

(x i � � )2; (2.79)

x̂ i =
x i � �

p
� 2 + �

; (2.80)

where

26



2.2. Architecture

ˆ 
 , � are the learnable parameters,

ˆ � is a small value for numerical stability.

During layer normalization, the activations of the previous layer of each example in a
batch are normalized independently.

Positional Encoding Positional encoding gives the Transformer an understanding of
each token's relative placement within the input sequence. The position of each word
within a sentence de�nes the meaning of a statement. Rearranging the words can lead
to a di�erent interpretation of the message behind the sentence. Positional encoding
incorporates the order of words, consequently allowing the Transformer to understand
their context within the sentence.
Instead of integer positional encoding, the Transformer model employs sinusoidal posi-
tional encoding. The advantage of sinusoidal positional encoding is that the output of a
sine and cosine function lies in[� 1; 1]. When processing longer sequences, basic integer
encoding would lead to too large values.

Algorithm 2.5: Positional Encoding
Procedure Positional Encoding( x, L , dtext )
for k=0 to L-1: do

for i=0 to dmodel
2 do

PE (k;2i ) = sin
�

k
n(2i=d model )

�

PE (k;2i +1) = cos
�

k
n(2i=d model )

�

end for
end for
End Procedure

With Algorithm 2.5, the positional encoding of a token in a sequencex of length L can
be computed. The input sequence has the dimensionalitydmodel. For each position k in
the sequencex, the positional vector is calculated, wherei marks the current index in
the positional vector. Essentially, for every two elements, set the even equal toPE (k; 2i )
and the odd to PE (k; 2i + 1) , until the encoding vector has the length ofdmodel.

Text Tokenizer In natural language processing, tokenization refers to the process of
splitting the input text into smaller units, called tokens. These tokens can be individual
characters or segments of words.

Text embedding Text embeddings transform text into numerical representations,
enabling machine learning models to interpret and process the information e�ectively.
The embedder takes the segmented text from the tokenizer as input and returns a dense
vector of real numbers. By placing words with a similar meaning close in the embedding
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space, the machine learning model is able to understand the context between words. The
numerical representation reduces the dimensionality of long sequences of text data and,
therefore, achieves higher e�ciency when processing large volumes of data.

CLIP embedding The CLIP embedding is used in many Computer vision tasks, as
it e�ectively learns visual representations of natural language. The technique used in
CLIP is called contrastive learning to calculate similarities between text and image. The
idea behind contrastive learning is to train the model in such a way that the distance
of two embeddings of the same class gets minimized while maximizing the distance
between embeddings belonging to di�erent classes. In CLIP, the two embeddings that are
compared, are image embedding and text embedding. The idea is to �nd an optimal text
description of a given image by increasing the similarity between a matching image and
text embedding. The text encoder architecture employed in CLIP is a Transformer model,
while the image encoder is a Vision Transformer (ViT). The advantage of using the CLIP
text embedded in Vision Tasks, like text-to-video generation is that the embedded text
lies in a similar embedding space as the corresponding image.

Vision Transformer for Image Data

The Vision Transformer is an adaptation of the Transformer for natural language pro-
cessing. It has received signi�cant recognition since its release. Most of the current
models for image and video processing implement a re�ned version of the original Vision
Transformer model. Studies have demonstrated that applying a Vision Transformer to
tasks such as image segmentation produces promising results, where even U-Net-based
architectures were outperformed [HXZ+ 24].
The Vision Transformer takes an image as input and divides it into square-shaped patches,
which are later compressed into a lower-dimensional space. After arranging the patches
next to each other, positional encoding is added. The sequence is afterward fed into the
Vision Transformer. The architecture is analogous to the standard Transformer Encoder
architecture, as can be seen in Figure 2.6.

Patch embedding An important component of the Vision Transformer is the patch
embedding. It is used as a preprocessing step and divides the input image into patches.
Usually, it is implemented using a convolution layer, which encodes each patch into
vector space. The image patches are the equivalent of the word tokens consumed by
the Transformer architecture in natural language processing. Figure 2.7 visualizes the
concept. Given an input image of shape(h; w) and a patch embedding size ofp as well
as embedding dimensiond, the image is encoded into a sequence of patches with the
shape(s; d) where s = hw

p2 .

Adaptive Layer Normalization (adaLN) The adaptive layer normalization (adaLN)
[GWY + 22] can be described as

adaLN(x; c) = 
 c � LayerNorm(x) + � c: (2.81)
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Figure 2.6: Vision Transformer architecture

Figure 2.7: Patch embedding

It was designed to enable a Vision Transformer to learn across multiple domains. It
involves adjusting the input x to align with a target task c during the LayerNorm
calculation. The learnable parameters
 c and � c are derived through linear regression
based on the conditionc. By introducing 
 c and � c, the conditioning embedding c is
integrated into the feature channel. In text-to-video generation models, the input x
represents the embedded video frames, whilec corresponds to the embedded prompt
combined with the di�usion time step embedding. Many recently released models use an
adapted version of adaLN, known as scalable adaptive layer normalization (S-adaLN).
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This is directly applied in the residual connection (RC) calculation, resulting in

RC(x; c) = � c � x + adaLN( x; c): (2.82)

Modeling of Space and Time Compared to image generation, video generation
introduces additional complexity. It entails the challenge of modeling temporal consistency
while handling additional computational overhead. To achieve temporal coherence, video
generation models need to cover information across video frames. Three di�erent attention
methods will be examined in detail in this work. These include either separating the
spatial and temporal attention into two distinct blocks or employing group-wise attention
that allows spatial and temporal attention at the same time. The di�erent methods can
be described as:

ˆ Spatial Attention: Each patch attends to patches within the same frame during
spatial attention.

ˆ Temporal Attention: During temporal attention, patches attend to patches from
all frames within the video, but only patches in the same position are considered.

ˆ Group-wise Spatio-Temporal Attention: In this approach, each patch attends only
to a subset of patches within the same frame as well as to patches from preceding
and subsequent frames within the same group.

Figure 2.8 visualizes the di�erent space and time dimension handling of these methods:

(a) Spatial (b) Temporal (c) Spatio-Temporal

Figure 2.8: Spatial and temporal attention methods

In theory, it is also possible to implement Full Spatial-Temporal attention, where each
patch attends to every other patch across all frames. While this approach ensures high
spatial and temporal consistency, it is computationally expensive and cannot be used to
generate long videos.
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2.2.3 Latent Di�usion Models

Latent Di�usion Models have set new benchmarks in image and video generation by
working in a lower spatial resolution rather than pixel space. Before feeding the input to
the denoising model, the images are �rst encoded into latent space with the help of a
Variational Autoencoder (VAE). As a result, the entire di�usion process is carried out
in the latent space. Afterward, the predicted image is decoded into RGB. By operating
in low dimensions, the computational costs are signi�cantly smaller, which allows the
generation of high-resolution images.

Variational Autoencoder

The Variational Autoencoder is based on the traditional autoencoder, where the input is
passed through an encoder and decoder block. The encoder's role is to compress a large,
complex dataset into the latent space. The decoder, on the other hand, is responsible
for mapping the latent space back to the input space. In comparison to the traditional
autoencoder, the Variational Autoencoder introduces regularization into latent space.
By adding an extra loss term, the VAE ensures that the latent space follows a standard
multivariate Gaussian distribution.
The loss function of an autoencoder is given by

L(x; x 0) = kx � x0k2: (2.83)

Whereas the loss function of a VAE can be mathematically described as

L(x; x 0; z) = kx � x0k2 + DKL (q(zjx)kp(z)) : (2.84)

Here, x is the input data and x0 is the reconstructed input and z is the latent variable.
The conditional likelihood distribution q(zjx) is computed by the encoder, andp(z) is the
prior on the latent space � which is typically assumed to follow a Gaussian distribution.
DKL is the Kullback-Leibler divergence.
The input is translated into a latent distribution instead of a �xed tensor. This enables the
Variational Autoencoder to generate new data that resembles the input data distribution.

2.3 Evaluation Metrics

The current evaluation metrics used for video quality testing can be categorized into
image-level and video-level. The image-level metrics focus on the quality within each
frame and the video-level try to evaluate both spatial and temporal aspects. The metrics
SSIM and PSNR are content variant metrics and are employed to evaluate the quality of
reconstructed video frames. Content variant metrics are applied when only one speci�c
prediction for the images or video frames is accurate. For image and video generation,
mostly content invariant metrics, like FID, LPIPS, and FVD, are out of interest. They
measure consistency and overall similarity between generated videos and the ground
truth instead of comparing the exact details.
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2.3.1 Fréchet Video Distance (FVD)

Fréchet Video Distance is a video-level evaluation metric. The evaluation metric is
based on the Fréchet Distance, also called 2-Wasserstein measuring how similar two
distributions are. Given PG as the distribution de�ned by the generative model and the
corresponding mean� G and � G, as well as the real-world distribution (in this case the
dataset the generative model was trained on)PR with � R and � R , the Fréchet Distance
is de�ned as

D 2
Fréchet = j� R � � G j2 + Tr

�
� R + � G � 2 (� R � G)

1
2

�
: (2.85)

The evaluation is based on the extracted features from pre-trained In�ated-3D Convnets
(I3D) [CZ17].

Instead of directly comparing the distributions of the generative model and the dataset in
raw image space, the FVD uses learned feature embeddings to calculate the distance. The
feature embeddings are extracted from pre-trained In�ated-3D Convnets (I3D) [CZ17].
By feeding samples from the generative model and the dataset to the I3D model, their
feature representations are recorded. The I3D model is trained on a video dataset for
classi�cation and considers temporal coherence, as well as the visual quality within frames.
With the use of the I3D model, semantic information relevant to human perception can be
better captured. For the calculation of the FVD, the activations of the last pooling layer
� before the output classi�cation of the videos � are summarized as multivariate Gaussian
by calculating the mean and covariance. The similarities between the distribution of the
generated videos and the actual videos represented in the dataset are computed using
the extracted mean and covariance from the last pooling layer of the I3D model and
calculating the distance according to Equation (2.85).
In summary, the FVD (Fréchet Video Distance) compares the activation distributions of
the �nal deep layer of the I3D network. If these distributions are similar, it indicates
that the underlying image distributions of the generated videos and the video dataset
are alike. A low FVD value signi�es a higher degree of similarity between the generated
image and its corresponding image in the dataset.

2.3.2 Fréchet Inception Distance (FID)

Fréchet Video Distance (FVD) is based on the Fréchet inception distance (FID), which is
an image generation metric. The main di�erence between the FVD and FID scores is the
underlying model. FID uses the activation from the Inception V3 model pre-trained on
an image classi�cation dataset, to calculate the Fréchet Distance, described in Equation
(2.85). A small FID value represents a high similarity between the generated image and
the corresponding image from the dataset.

2.3.3 Structural Similarity Index (SSIM)

The structural Similarity Index is utilized to measure the similarity between frames. The
SSIM index measure between a frameY 2 Rheight � width � channels from a generated video
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and a frame X 2 Rheight � width � channels from the dataset can be calculated as

SSIM(X ; Y ) = l(X ; Y )c(X ; Y )s(X ; Y ); (2.86)

where the luminancel, the contrast c and the structures s are compared utilizing the
mean � X , � Y and variance � X , � Y as well as covariance� XY of generated video frame
and dataset video frame, i.e.,

l (X ; Y ) =
2� X � Y + c1

� 2
X + � 2

Y + c1
; (2.87)

c(X ; Y ) =
2� X � Y + c2

� 2
X + � 2

Y + c2
; (2.88)

s(X ; Y ) =
� XY + c3

� X � Y + c3
; (2.89)

with

ˆ � X the mean over the pixel values inX ,

ˆ � Y the mean over the pixel values inY ,

ˆ � 2
X the variance of X ,

ˆ � 2
Y the variance of Y ,

ˆ � XY the covariance ofX and Y ,

ˆ c1 = ( k1L)2 ; c2 = ( k2L)2, two variables to stabilize the division,

ˆ L the range of the pixel-values,

ˆ k1 = 0 :01 and k2 = 0 :03 by default.

To conclude, SSIM assesses pixel intensities by comparing brightness, dynamic range,
and spatial distribution. A higher SSIM value indicates greater similarity between the
generated and original images.

2.3.4 Peak Signal-To-Noise (PSNR)

The peak signal-to-noise metric is an image-level metric and is based on the mean
squared error between the originalX 2 Rheight � width � channels and generated video frame
Y 2 Rheight � width � channels . It measures the absolute di�erence between the original and
generated video, expressed in terms of a logarithmic decibel scale. The PSNR metric is
de�ned as

PSNR = 20log10

�
MAX fp

MSE

�
; (2.90)
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with

MSE =
1
N

NX

i =1

kX i � Y i k
2 ; (2.91)

where

ˆ X i and Y i represent the pixel value of imageX and imageY at position i ,

ˆ N is the total number of pixels where N = hwc with h being the height, w the
width and c the number of channels of the imagesX and Y ,

ˆ MAX f is the maximum signal value of the original imageX .

The higher the PSNR, the better the predicted imageY resembles the original imageX .

2.3.5 LPIPS

LPIPS tries to simulate humans' ability to assess perceptual similarity by utilizing a
model that is trained on a labeled dataset containing images judged on their similarity
by human labeling. Akin to the FID and the FVD metric, the model compares the
activations on the actual and predicted images. A low LPIPS value describes the high
similarity between the generated image and the original image from the dataset.

2.3.6 CLIPSIM

CLIPSIM is a metric mostly used to evaluate the models' ability to generate images
coherent to a given text prompt. It utilizes the CLIP model. CLIP is trained on image
data with associated text descriptions, mapping them into the same embedding space.
By encoding the given text prompt and the generated image with the CLIP model to
embedding space, the cosine similarity can give an intuition of how well the generated
image represents the text prompt.

To evaluate the results of image and video generation models, a common approach is to
additionally average over the CLIPSIM results of the textual description and the actual
visual representation from the dataset. Given a text description and the corresponding
generated image, a high CLIPSIM value stands for an accurate visual representation of
the given text prompt.
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CHAPTER 3
Methodology

3.1 Image Generation

3.1.1 Class Label to Image Generation

The Di�usion Transformer (DiT) model [ PX23] builds on the core principles of Denoising
Di�usion Probabilistic Models (DDPMs) and employs a backbone architecture solely
based on Transformers. The DiT model is trained on class-image pairs and integrates
class information into the transformer backbone using adaLN.

Input Preprocessing

Image Preprocessing The input image of shape(batch size, channels, height, width)
undergoes the following preprocessing steps.

ˆ Patch embedding: First, the image is divided into smaller patches and projected
linearly into an embedding space.

ˆ Positional encoding: Sinusoidal position encoding is added to the �attened patches
to provide spatial context for the model.

This results in an output with the shape (batch size, sequence length, embed dim). The
process is visualized in Figure 3.1.

Class Preprocessing Since the input classes are simple values ranging from 0 to 9,
the class labels were mapped to the embedding space using a straightforward lookup
table.
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Figure 3.1: DiT preprocessing

Timestep Preprocessing The current time step in the di�usion process is introduced
to the model using a time step embedding. It follows the same architectural design as
the positional encoding.

DiT Block Design

The DiT block takes the image patches, the class label, and the time stept as input. The
time step t helps the model to be aware of the noise level that has been added to the input
image. The architecture of the DiT block follows the ideas of the Transformer encoder
from the ViT Transformer but adapts it accordingly to process conditional information
such as the time stept and class labelsc. To be able to generate images that correspond
to the conditional input, the standard layer norm layers of the ViT Transformer are
replaced with adaptive layer norm (adaLN). Instead of treating the weight and bias
of the layer normalization as parameters, adaLN incorporates the concatenated input
conditions c and t as normalization parameters for the image patches. Apart from this
modi�cation, the model follows the standard architecture of a Vision Transformer (ViT).
The architectonic details of the Di�usion Transformer (DiT) are visualized in Figure 3.2.

3.1.2 Dataset

The Di�usion Transformer (DiT) was trained on the MNIST dataset. The MNIST dataset
contains images of handwritten digits from zero to nine. Every image is labeled with its
corresponding class. Some samples of the dataset are shown in Figure 3.3.

3.1.3 Training

The di�usion process was implemented from scratch using PyTorch, based on the o�cial
code of a Denoising Di�usion Probabilistic Model. The code for the architecture of the
backbone model follows the architectural details outlined in the Di�usion Transformer
paper [PX23].
For the image generation model, neither classi�er-free guidance nor variance prediction

36



3.1. Image Generation

(a) DiT (b) DiT Block

Figure 3.2: DiT architectonic details

was used, following the basic implementation of DDPM models. The training is described
in Algorithm 2.1.

3.1.4 Sampling

During sampling, an implementation detail known as thresholding was applied. In this
process, the predicted samplex0 is clamped to a valid range, ensuring it falls within the
�xed pixel range of [0; 255]. The predicted sample can be computed given the current
samplex t and the predicted noise� t , i.e.

x0 =
x t �

p
1 � �� t � �p
� t�

: (3.1)

Once the computed samplex0 is obtained, its value range is clamped to[0; 255]. In the
original DDPM sampling process,x t � 1 is directly computed from the predicted noise� � .
However, with thresholding, x t � 1 is derived from the initial sample x0, i.e.

x t � 1 =
p

� t (1 � �� t � 1) x t +
p

�� t � 1 (1 � � t ) x0

1 � �� t
+ � t � t ; (3.2)
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Figure 3.3: MNIST dataset

where � t � N (0; I ).
To integrate thresholding, the sampling procedure can be rewritten as described in
Algorithm 3.1.

Algorithm 3.1: Sampling DDMP � Clamp x0

Input: noise scheduler� t with � t = 1 � � t , �� t =
Q t

i =1 � i , � t =
q

1� �� t � 1
1� �� t

� t

Output: reconstructed samplex0

1: xT � N (0; I )
2: for t = T, . . . , 1 do do
3: if t > 1 then
4: z � N (0; I ) B Draw new noise vectorz
5: else
6: z = 0 B Don't add noise at the last step
7: end if
8: � � (x t ; t) = DDPM_model (x t ; t) B Predict noise � �

9: x0 = x t �
p

1� �� t � �p
� t�

B Reconstruct x0 from noise � �

10: Clamp x0 to range [0; 255]
11: x t � 1 =

p
� t (1� �� t � 1 )x t +

p
�� t � 1 (1� � t )x 0

1� �� t
+ � t � z B Remove noise using clampedx0

12: end for
13: return x0
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3.2 Video Generation

The three studied models GenTron [CXR+ 23], Latte [MWJ + 24a] and SnapVideo [MSS+ 24]
are based on the Di�usion Transformer architecture.
GenTron can be seen as an extension of DiT, which incorporates additional temporal
attention into the Vision Transformer to enable video processing. Furthermore, GenTron
adapts the DiT model from class to text conditioning.
Latte takes this a step further by using two separate Vision Transformer blocks � one
for spatial attention and another for temporal attention. SnapVideo follows a di�erent
approach, using a FIT transformer [CL23] architecture as a backbone, allowing it to
process temporal and spatial attention at the same time by dividing the input videos
into groups.
The general concept behind the architectures of SnapVideo, GenTron, and Latte are
shown in Figure 3.4.

(a) GenTron (b) Latte (c) SnapVideo

Figure 3.4: Spatial and temporal dimension modeling

Due to the high dimensionality of videos, various methods have been proposed to decom-
pose the input and reduce the number of tokens processed in a single attention operation
in video generation models. A survey on video transformers [SJE+ 23] provides an in-
depth analysis of current video generation architectures. It highlights the importance of
minimizing unimportant spatial information while ensuring that crucial motion features
are not removed too early.
The three examined architectures, GenTron, Latte, and SnapVideo, address spatial and
frame-level temporal information aggregation di�erently.
Latte implements two distinct types of Transformer blocks, one operating on the spatial
dimension, and the other focusing on the temporal dimension. GenTron, on the other
hand, captures both spatial and temporal information in one Transformer block. The
Transformer block of GenTron's architecture computes self-attention on the spatial dimen-
sion, followed by temporal attention before aggregating the information in a feed-forward
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network.
SnapVideo has a di�erent approach. Unlike GenTron and Latte, where each attention
layer of the Transformer only sees either spatial dimension or temporal dimension in-
dependently, SnapVideo's Transformer block operates on a 3D input capturing height,
width, and time of the video input. To capture the spatiotemporal dimensions of the
video input without risking information loss, SnapVideo divides the input video into
groups along the spatial dimension, still covering the whole temporal dimension.
GenTron conditions the video generation on an input text prompt, while Latte and
SnapVideo are designed for generating videos based on class labels. In the following
sections, the original architecture of each model will be explained in more detail, while
the next chapter focuses on di�erent ways of adapting the Latte and SnapVideo models
for text-to-video generation.

3.2.1 GenTron

Input Preprocessing

Video Preprocessing The input videos of shape (batch size, number of frames,
channels, height, width)undergo several preprocessing steps.

ˆ Autoencoder: The videos are initially encoded into a compressed latent represen-
tation using a pretrained autoencoder. This results in an output shape of(batch
size, number of frames, channels encoded, height encoded, width encoded). The
autoencoder is trained independently on the MovingMNIST dataset.

ˆ Patch embedding: Subsequently, each frame within a video is individually divided
into patches resulting in a sequence of patches per frame, with an output shape of
(batch size, number of frames, sequence length, embedding dimension).

ˆ Positional encoding: During the last preprocessing step, positional embedding is
added � equivalent to the implementation of the image generation model.

Figure 3.5 visualizes the preprocessing process.

Text Preprocessing The lookup table used for label encoding in the image generation
model was replaced with a CLIP text embedder. The preprocessing steps in GenTron
entail processing the input text with the CLIP tokenizer and afterward mapping the token
to embedding space using the CLIP text model. Additionally, classi�er-free guidance
was introduced, using conditioning dropout. This was achieved by randomly removing
the conditional input and replacing it with an empty token. This is implemented before
translating the input text to embedding space.

Timestep Preprocessing To introduce the current timestep t of the di�usion process
to the model, the same timestep embedder employed for DiT was used.
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