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Abstract

This study investigates controlled uses of di [udion-based image-to-image translation
for generative video within the context of an arts practice. Image translation has
proven to be a powerful tool in creating video art, but achieving both temporally
coherent and visually diverse results remains a challenge with little formal research
into the subject. Through a sequence of targeted studies of increasing complexity,
this paper outlines the control techniques that were necessary to achieve quality
results for images, animation, and video. | used my findings in the creation of two
original art pieces, Kiss/Crash and Crash Me, Gently, which use these techniques
to reflect on the nature of images in the age of Al.



Acknowledgements

It has been an absolute privilege to spend the last year at the Creative Computing
Institute among such a welcoming group of tutors and students. I’d like to thank
our course leader, Phoenix Perry, for showing the deep relationship between art
and play. I'd like to thank my professors Rebecca Fiebrink and Terence Broad,
whose thoughtful introduction to the world of creative Al gave me the technical and
theoretical foundation for the work in this project. And finally, I’d like to thank my
advisor Mick Grierson whose sound advice helped guide this project at every turn.
Hanging out in your o Cceko talk freely about art, culture, technology, or whatever
else happened to be on my mind that week has been a highlight of my academic
career.



Contents

1

Introduction
1.1 Motivation . . . . . . . .
1.2 Research Goals . ... ... ... . ... .. e
Background
2.1 Technical Context . . . . . . . . . . . . . .
2.1.1 DiludionModels . . .. ... ... ... .. o
2.1.2 Generative Process . . . . . . . . ...
Forward Diludion . . . . . . ... ... ... .. ........
Reverse Diludion . . . . .. ... ... ... . ... ... ...
213 TextGuidance . . .. .. . . . . ...
2.1.4 Image Translation. . . . . ... ... ... ... ... .....
2.2 Brief History of Diludion Models in Practice . . . . .. ........
2.2.1 The Big Corporate Players . . . . . .. ... ... .......
2.2.2 Rise of the Open Source Community . . ... .. ... ....
2.2.3 New Tools, New Culture . . . . ... .. ... ... ......
2.3 Image to Image Translation . . . .. ... ... ... .........
2.3.1 Using Diludion Models . . . . .. .. ... .. .........
Experimental Video Art . . . . . ... ... L.
Cinemaand SFX . .. .. .. ... . .. .. ... .. .. ...
3BDWorlds . . . . . ..
2.3.2 Beyond Diludion Models . . . . . ... ... ... .......
Methodology
Results
4.1 Tools . . . . .
4.2 Basic Image Translation . . . ... ... ... ... .. ........
4,21 Control Techniques . . . . . . .. .. .. .. .. .. .. ....
Standard Text-to-lmage Settings . . . ... .. ... .....
Image Strength . . . . .. ... ... .. ... ...
422 Results. . . . . . . . .. e
4.3 Basic Animation Translation . . . . . .. ... ... ..........
4.3.1 Control Techniques . . . . . . .. .. .. .. .. .. .. ....
Frame Blending . . . . . . . ... ... ...
Consistent Seed . . . . . . . . ...
Keyframe Extraction and Frame Interpolation . . . . . .. ..
432 Results. . .. .. .. . . ...
4.4 Complex Animation Translation . . . . . .. .. ... .........



441 Control Techniques . . ... ... ... .....
Frame Blending Modulation . . . .. .. .. ..
Seed Selection . . . . ... ... oL

442 Results. ... ... ... ... ... ..

4.5 Organic Animation Translation . . ... ... .. ...
45.1 Control Techniques . . . ... ... ... ....
Video Masking . . ... ... ... .......

Color Prole Coherence . . ... ........

452 Results. .. ... ... ... ... L.

4.6 Camera Footage Translation . . . ... ... ......
4.6.1 Control Techniques . . .. .. ... ... ....
Strength Scheduling . . .. ... ... ... ..

Noise Blending . .. ... ............
DreamBooth. . . . .. ... .. ... ......

Stable WarpFusion . . . . ... ... ......

46.2 Results. . ... ... ... .. ... .. .. ...

5 Final Works

5.1 Kiss/Crash . . .. . . . . . . . . ... ...
52 CrashMe,Gently. . .. ... ... ... .. ......

6 Evaluation

6.1 Technical Evaluation . . . ... ... ..........
6.1.1 Stilllmage . . ... .. ... ... ........
6.1.2 Animation Studies . . .. ... ... ......
6.1.3 FinalWorks . . ... ...............

6.2 Aesthetic Evaluation . .. ... ... ... .......

6.2.1 The Last Supper, 1981 Image Study

6.2.2 Animation Studies . . .. ... ... ......
6.23 FinalWorks . . ..................
Kiss/Crash . . . ... ... ... ... .....
Crash Me, Gently. . . ... ... ... .....

7 Discussion

7.1 Technical Contribution . . . . . ... .. ... .. ...
7.2 Aesthetic Contribution . . . . . ... .. ... ... ..
7.3 ClosingRemarks . .. ... ..............

8 Conclusion

A Links to Video Materials



List of Figures

11

2.1
2.2
2.3
2.4
2.5

2.6

2.7

2.8

2.9

From left to right, an example of Dada [17], Pop [60], and Postmodern
[26] art which translates existing imagery into self-re ective, critical

art. . . e e e 8
Forward diusion process [36] . . ... .. ... .. ... ....... 10
Reverse diusion process [36]. . . . . . . . . . .. . .. ... ... 10

Example of text prompted results using classi er-free guidance. [35] . 11
Example of image-to-image translation with the prompt, "A fantasy
landscape, trending on artstation”. The Left is the original, and the

rightistheresult. [44] . . . . . . . . . . . ... .. .. ... ... 12
Examples of images generated with di usion tools. From left to right:
DALLE-2 [37], Imagen [1], Midjourney [2] . . .. .. ... .. .... 12

Examples of image-to-image translation using warp fusion. Left is
Temporary by Roope Ranisto [41], right is Blue Crystal Fire by

Aiplague [3] . . . . . . e 14
Examples of image translation used for narrative Im. Leftis a horror
Im [28], and right is a Spider-Man-inspired action Im [10]. . .. .. 14
Frame from real-time VR experience applying Stable Di usion trans-
lation to surrounding livingroom [54] . . . . . .. . ... .. ... .. 15
Still frame from Blade Runner Autoencoded, generated by passing
an original frame from the Im through the neural network [8] . . . . 15

2.10 Still frame from Learning To See Left is the live camera feed and

4.1
4.2
4.3
4.4

4.5
4.6
4.7
4.8
4.9

right is the translated output of the neural network . . . ... .. .. 16

Input image! noised input image! di usion output after denoising 19
The Last Supper, 1981 . . . . . . . . . . . . . 21
Input video for basic animation study . . . . ... ... ........ 22
Visualization of image processing steps for frame blending. Note that

the visual di erence between the previously generated frame and out-
putted frame is purposefully small to create smooth results when

played back. . . . . . . ... .. 23
Grid of video results from the basic animation study . . ... .. .. 25
Input video for complex animation study . . . .. .. ... ...... 26
Example of seed images considered for the complex animation results. 27
Grid of video results from the complex animation study . . . . . . .. 28

Input video of squash and stretched sphere for organic animation study 29

4.10 The result when the video mask was very strong creates very strong

CONTOUIS. . . . . ot e e e e e e e e e e e e e e e 29

4.11 Result when video mask was less strong allowed for more image diversity. 30

4



4.12 E ect of color coherence on results. The top sample did not use color
coherence and the colors became increasingly saturated. The bottom
sample did use color coherence resulting in cleaner colors and a more

consistent feel from beginningtoend. . . . . . ... ... .. ..... 30
4.13 Grid of video results from the organic animation study. . . . . . . .. 31
4.14 Crash Me, Gentlyinputframes . . . . ... ... ... ... ..... 32
4.15 Kiss/Crash inputframes . . . . . . ... ... ... ... ... ... . 32

4.16 Example of strength scheduling. The result looks more like input at
the start (left) and increasingly matches the prompt by the end (right). 33
4.17 Noise blending increasing from top 0 (top row) to 1 (bottom row).
Less noise blending results in less diverse images over time. More

noise blending results in more variation over time. . . . . ... .. .. 33
4.18 Training samples of iconic Hollywood kisses used to ne-tune the

di usion model used for these studies. . . . . . ... ... ... .... 34
4.19 Images created with ne-tuned DreamBooth model . . . . ... ... 34
4.20 Strength scheduling examples used @rash Me, Gently. . . . . . .. 36

6.1 Detail from the organic animation study showing a side-by-side com-
parison of the input and its translation. Formal features like color
and composition clearly carried over, but the result is still stylisti-

cally unique from the original. . . . . . .. .. ... ... ... ... 40
6.2 Left: the Mona Lisa by Leonardo da Vinci, Right: L.H.0.0.Q., Mar-

cel Duchamp's transgressive "translation: of the original [15] . . . . . 41
6.3 Left: the original Last Supper by Leonardo da Vinci, RightThe Last

Supper, 1981 transgressive "translation: of the original . . . . . . .. 41



List of Tables

4.1 Impact of image strength on the output of image-to-image diusion . 20



Chapter 1

Introduction

The morality of art consists in the perfect use of an imperfect medium.
Oscar Wilde [61]

1.1 Motivation

In a world already drowning in images, the oncoming tidal wave of Al generated
art is reason for pause if not outright concern. This is not just because the tech-
nology has the potential to upend the creative industries and impact existing artists
and spectators in unpredictable ways [27]; But because images are incredibly pow-
erful: their ability to entertain, delight, and inspire is matched by their potential to
misinform, control, and incite [30].

The debate on the bene ts and dangers of images goes back thousands of years,
most notably to Plato's allegory of the cave which connects the idea of images to
misinformation and incarceration [39]. However, it's in the 20th century when the
production, distribution and consumption of images became deeply tied to techno-
logical advancements like photography, mass media, and instant visual communica-
tions that a renewed discourse on images became more vital [30].

This discourse can easily be extended into the 21st century, especially in relation
to Al generated images. For example, it is not a di cult mental leap to imagine how
an image generating machine ts neatly within the logic of late capitalism as outlined
by Fredrich Jameson [23], exagerates the experience of hyperreality introduced by
Jean Baudrillard [6], or amounts to another evolution of spectacle as discussed by
Guy Debord [12]. But perhaps the most nuanced and interesting point of view for
me personally is Susan Sontag's On Photography where she describes our modern
relationship to images as follows:

A society becomes modern when one of its chief activities is producing
and consuming images, when images that have extraordinary powers to
determine our demands upon reality, and are themselves coveted substi-
tutes for rsthand experience, become indispensable to the health of the
economy, the stability of the polity, and the pursuit of private happiness.
[56]

If we are to accept that images have the extraordinary powers to determine our
demands upon reality, how will a technology which can generate endless images in
a fraction of a second impact the health of our economy, the stability of our polity,
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and our pursuit of private happiness? And, how then, are artists expected to use
this technology responsibly?

While there is no right answer, we'd bene t greatly by recognizing that this tech-
nology is revolutionary in its capabilities, but familiar in the questions it raises about
the nature of images, representation and authenticity. As such, we can look to past
art movements which responded to these same questions for strategies in confronting
the core issue. Relevant examples include Dada collage, Pop Art appropriation, and
Postmodern pastiche. In all these cases, artists used the prevalent image-making
technology of their time and repurposed it in some way which both spoke to societal
issues and revealed something unspoken about the way the technology worked.

In the context of di usion based generative art, I'm particularly interested in the
ability of these models to apply image-to-image translation. Like the work of Marcel
Duchamp and Barbra Kreugar, this allows artists to use existing images as material
in the art-making process. | wonder, then, how can we augment, invert, and negate
existing images in composition and meaning using image-to-image translation in the
same spirit of avant-garde artists from the past 100 years.

Figure 1.1: From left to right, an example of Dada [17], Pop [60], and Postmodern
[26] art which translates existing imagery into self-re ective, critical art.

1.2 Research Goals

Using these artists as inspiration, my research question is how the di usion based
image-to-image process can be twisted on itself to reveal something true about
Al generated imagery and our digital culture in general. Additionally, how can
this technique be used to address the artistic themes of particular interest to me,
speci cally the way intimacy is mediated through technology and interrogating the
gap between the real experience of love and its arti cial representations.

My goal is that through my research, | will develop the necessary control tech-
niques to generate quality image translations and ultimately use these skills in the
creation of original audio-visual compositions that speak to the nature of our image
world in the age of Al.



Chapter 2

Background

In this section, I will give the technical overview necessary to understand how di u-

sion based image-to-image translation works. | will then give a brief history of the
tools which fueled the proliferation of text-to-image content and the open-source
community which has driven much of the experimental innovations in this space,
especially for image-to-image content. Finally, | will expand our focus to look at Al

artworks that don't use di usion models. | will show how these artists used their

research into di erent image translation techniques to create poetic art pieces and
how that serves as a model for my own research methodology.

2.1 Technical Context

2.1.1 Diusion Models

Di usion-based models are a class of generative Al models which recently gained
popularity due to their impressive ability to create diverse, high-quality content in
many domains. For example, they are being used to generate high-resolution images
[44], audio [38], video [20] and 3D assets [40] as well as targeted editing tools like
in-painting [29], super-resolution [51] and colorization [49]. Inspired by research into
thermodynamics [55], di usion models were greatly improved for the task of image
generation [18] eventually beating out GANs to achieve state-of-the-art results [14].
They continue to be a major research focus for many generative media types with
improvements in speed of sampling [34, 25, 52], quality of results [21], and novel
applications like molecule design [63].

2.1.2 Generative Process

The di usion process as de ned in [18] works by incrementally destroying the data
through small additions of Gaussian noise until the sample becomes pure noise itself
and then training a model to learn how to reverse that noising process. The result
is a model able to progressively move from complete noise toward a clean sample
representative of the dataset. For images, this works in two key steps outlined below.

Forward Di usion

The forward di usion process is de ned as a Markov chain of T steps where at
each step a small amount of Gaussian noise is added to the sample until the sample
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becomes pure noise. The corollary of the Markov chain is that each step depends
only on the one proceeding it.

For a given samplex, in a real data distribution, g(x) (xo (X)), the forward
di usion process of T steps can be formulated as follows:

a(XjXt 1) = N(Xt;pl Xt 15 ¢l)  aA(XuTjX0) = Qll a(X¢jXt 1)

where 1;:::; 1 is a variance schedule which ensures that; is a nearly isotropic
Gaussian for su ciently large T.

Figure 2.1: Forward di usion process [36]

Reverse Di usion

The reverse di usion process moves in the opposite direction: from pure noise to
a sample representative of the data distribution. The process begins with a pure
Gaussian samplexy N (0;1). We can then approximate the stepsgj(X; 1jX;) with

a parameterized modep (i.e. a neural network) as follows:

P (Xe 1jXe) = N(X¢ 15 (Xg;t); (X3 1)

where the mean parameterized by and the variance parameterized by are
conditioned on noise levet.

We can reformulate stepping through this trajectory from pure noise att to a
samplexg from the distribution as:

P (Xo1) = P(XT) QtT=1 P (X 1)X¢)

Figure 2.2: Reverse di usion process [36]

The details of training such a model are beyond the scope of this paper but can
be further investigated in [18].
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2.1.3 Text Guidance

In addition to generating high-quality samples from pure noise, we can also guide
the content of the sample with a text prompt. This was initially implemented us-
ing classi er guidance, where a classi er model was trained alongside the di usion
model for the purpose of text guidance [14]. Since then, this technique was im-
proved by classi er-free guidance where a single generative model (trained jointly
on a conditional and unconditional di usion model) is able to handle text guidance
without a secondary classi er model both simplifying training and improving the
quality of results [19, 35]. With a text prompt, we are able to control the scale of
the classi er-free guidance where higher values adhere more closely to the prompt
at the cost of sample diversity.

Figure 2.3: Example of text prompted results using classi er-free guidance. [35]

2.1.4 Image Translation

One more method we have to guide the output of a text-to-image di usion model is
via image translation. There are many implementations and applications of image
translation [49, 53, 62], but within the context of this paper we will focus on the

one introduced in [32] and further developed by [44].

With this image-to-image translation method, the key technical detail to remem-
ber is that in the Markov chain of di usion steps, each step is only dependent on the
one preceding it. As a result, we can think of image translation as starting some-
where in the middle of the chain as opposed to starting from pure noise. Instead,
we start with a partially noised version of the input image by applying the forward
di usion process on the input image for a given number of steps. We then run the
reverse di usion process from that point for the same number of steps resulting in
a new image from the sample distribution. The similarity of the generated image
to the input depends on the amount of noise applied at the start of the process and
the corresponding number of reverse di usion steps. At each reverse di usion step,
classi er-free guidance is able to push the result toward the text prompt. This is
the key mechanism we will use for controlled image-to-image translation.
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