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EIGENIMAGES
(1980 - 2010)



hitps.://en.wikipedia. org/wikr/ Fagenface
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https://en.wikipedia.org/wiki/Eigenface

Eigenimages for face recognition

o w I
y’ Hf H Rejection

| Normalization Projection Similarity
New Face measure I
)

Image

(9

Recognition

Result
Mean Facé  patapase of Similarity

Eigenface Matching
Coefficients
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https://web.stanford.edu/class/ee368/Handouts/Lectures/2019_Winter/10-EigenImages.pdf

= The first 8 eigenfaces obtained from a training set of 100 male and 100 female

training images ' '

Eigenface 1 Elgenface 2 Eigenface 3 Eigenface 4

Mean Face

Eigenface 5 Eigenface 6 igentace 7 Eigenface 8

s Can be used to generate faces by adjusting 8 coefficients.
s Can be used for face recognition by nearest-neighbor search in 8-d ,face space.
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https://web.stanford.edu/class/ee368/Handouts/Lectures/2019_Winter/10-EigenImages.pdf

IMAGE ANALOGIES
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Image Analogies

Aaron Hertzmann'?  Charles E. Jacobs®  Nuria Oliver*  Brian Curless® David H. Salesin®»

INew York University “Microsoft Research  “University of Washington

r

A A !

b

Figure 1 An image analogy. Our problem is to compute a ncw “analogous” image B that relates to B in “the same way” as A’ relates to A. Here. A, A'. and B
arc inpurs to our algorithm, and B’ is the output. The full-size images are shown in Figures 10 and 11.

Abstract

This paper describes & new [ramework for processing images by
example, called “image analogies.” The framework involves two
slages: a design phase, in which a pair of images, with one im-
age purported to be a “filtered” version of the other, 13 presented
as “traming data”; and an application phase, in which the learned
filter is applied to some new target image in order to create an “anal-
ogous” [iltered resull. Image analogies are based on a simple multi-
scale antoregression, inspired primarily by recent results in texture
synthesis. By choosing different types of source image pairs as in-
put. the framework supports a wide variety of “image filter” effects,
inchuding fraditional image filters, such as blurring or embossing;
improved texture synthesis, in which some textures are synthesized
with higher quality than by previous approaches; super-resolution,
in which a higher-resolution image is inferred from a low-resolution
source; fexture transfer, in which images are “texturized” with some

) ~ ) aar s = iress e ol ¥ 2 “1 ) alszhv i .

Introduction

a-nal-o-gy n. 4 sysiematic comparison between structures
that uses properties of and relations between objects of
a source structure to infer properties of and relations be-
tween objects of a target structure. [14]

A native talent for perceiving analogies is . .. the leading
fact in genius of every order.

William James, 1890 [28]

Analogy 18 a hasic reasoning process, one that we as humans em-
ploy quite commonly, and often unconsciously, to solve problems,
provide explanations, and make predictions [44]. In this paper, we
explore the use of analogy as a means for creating complex image
filters (I"igure 1). In particular, we attempt to solve the following
problem:

CULTURAL AUTOMATION WITH MACHINE LEARNING |
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https://mrl.cs.nyu.edu/publications/image-analogies/analogies-72dpi.pdf

hitps.://pknutal.com/home/works/early-visual-synthesis-works/
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https://pkmital.com/home/works/early-visual-synthesis-works/

ACTIVE APPEARANCE MODELS
(1998-2010)



hitps.://vimeo.com/ 24409502
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https://vimeo.com/24409802
https://vimeo.com/24409802

RBM
(1986, 2006-2013)
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Input Layer

Hi
(visible layer) widen Layer

OUTPUT

(reconstructed input)
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https://medium.com/datadriveninvestor/dimensionality-reduction-and-feature-extraction-with-rbm-f499965979e9

AE
2010 - 2020
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hitps.://vimeo.com/ 155061675
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https://vimeo.com/155061675

GANS
2014 - CURRENT
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Random

Training set Discriminator
0\

Generator . | ~Fake image
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https://www.freecodecamp.org/news/an-intuitive-introduction-to-generative-adversarial-networks-gans-7a2264a81394/

encode > decode >
Inference Generative

Distribution
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https://idiotdeveloper.com/wp-content/uploads/2020/05/variational-autoencoder.png

outhub.com/Newmu/dcgan code

hiths:/ /o1

19
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https://github.com/Newmu/dcgan_code
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hitps./ /github.com/Newmu/dcgan code
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https://github.com/Newmu/dcgan_code

Arithmetic on faces

smiling neutral neutral

smiling man
woman woman man J
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https://github.com/Newmu/dcgan_code

Image-to-lmage Translation with Conditional Adversarial Nets

Phillip Isola Jun-Yan Zhu Tinghui Zhou Alexei A. Efros

University of California, Berkeley
In CVPR 2017

|Paper] |GitHub]

Labels to Street Scene Labels to Facade BW to Color

Input output
Day to Night ___ Edges to Photo

)

output input A output Input output
Example results on several image-to-image translation problems. In each case we use the same architecture and objective, simply training on different data.

Abstract

We investigate conditional adversarial networks as a general-purpose solution to image-to-image translation problems. These networks not only learn
the mapping from input image to output image, but also learn a loss function to train this mapping. This makes it possible to apply the same generic
approach to problems that traditionally would require very different loss formulations. We demonstrate that this approach is effective at synthesizing
photos from label maps, reconstructing objects from edge maps, and colorizing images, among other tasks. As a community, we no longer hand-
engineer our mapping functions, and this work suggests we can achieve reasonable results without hand-engineering our loss functions either.

22
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https://phillipi.github.io/pix2pix/

Unpaired Image-to-Image Translation using Cycle-Consistent Adversarial Networks

Jun-Yan Zhu* Taesung Park* Phillip Isola Alexei A. Efros
UC Berkeley
In ICCV 2017

Paper | PyTorch code | Torch code

Monet =_ Photos Zebras > Horses

zebra —> horse

Cezanne

Abstract

Image-to-image translation is a class of vision and graphics problems where the goal is to learn the mapping between an input image and an output
image using a training set of aligned image pairs. However, for many tasks, paired training data will not be available. We present an approach for
learning to translate an image from a source domain X to a target domain Y in the absence of paired examples. Our goal is to learn a mapping G: X —
Y, such that the distribution of images from G(X) is indistinguishable from the distribution Y using an adversarial loss. Because this mapping is highly
under-constrained, we couple it with an inverse mapping F: Y — X and introduce a cycle consistency loss to push F(G(X)) = X (and vice versa).
Qualitative results are presented on several tasks where paired training data does not exist, including collection style transfer, object transfiguration,
season transfer, photo enhancement, etc. Quantitative comparisons against several prior methods demonstrate the superiority of our approach.

23
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https://junyanz.github.io/CycleGAN/

Flickr-Faces-HQ Dataset (FFHQ)

-

Flickr-Faces-HQ (FFHQ) is a high-quality image dataset of human faces, originally created as a benchmark for
generative adversarial networks (GAN):

A Style-Based Generator Architecture for Generative Adversarial Networks
Tero Karras (NVIDIA), Samuli Laine (NVIDIA), Timo Aila (NVIDIA)

https://arxiv.org/abs/1812.04948

The dataset consists of 70,000 high-quality PNG images at 1024x1024 resolution and contains considerable
variation in terms of age, ethnicity and image background. It also has good coverage of accessories such as
eyeglasses, sunglasses, hats, etc. The images were crawled from Flickr, thus inheriting all the biases of that
website, and automatically aligned and cropped using dlib. Only images under permissive licenses were collected.
Various automatic filters were used to prune the set, and finally Amazon Mechanical Turk was used to remove the

occasional statues, paintings, or photos of photos.
For business inquiries, please contact researchinquiries@nvidia.com

For press and other inquiries, please contact Hector Marinez at hmarinez@nvidia.com

24
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https://github.com/NVlabs/ffhq-dataset

StyleGAN — Official TensorFlow Implementation

 python 1316 tensorflow 10 cudnn 7:5:3 license ICCBY-NC:

Picture: These people are not real — they were produced by our generator that allows control over different aspects
of the image.

This repository contains the official TensorFlow implementation of the following paper:

A Style-Based Generator Architecture for Generative Adversarial Networks
lero Karras (NVIDIA), Samuli Laine (NVIDIA), Timo Aila (NVIDIA)

https://arxiv.org/abs/1812.04948
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https://github.com/NVlabs/stylegan

DIFFUSION MODELS
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Dall-E2 Stable Diffusion
hitps://obenai.com/dall-¢-2 hitps./ /stablediffusionweb.com/

hitps.//www.nstagram.com/openaidalle/

Community Showcase

A brain riding a recketship heading A rebot couple fine dining with Fiffe A small caclus wearing a straw hat and A cute corgi lives in a hause made out of
towards the moon. Tower in the background. neon sunclasses in the Sahara desert. sushi. M 24]0 UT”@/
I 1 Gool hitps://www.nudjourney.com/home/?
magen (by Google) callbackUnl="2Fapp %2 F
hitps.:/ /umagen.research.google/ 27
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https://openai.com/dall-e-2
https://www.instagram.com/openaidalle/
https://stablediffusionweb.com/
https://imagen.research.google/
https://www.midjourney.com/home/?callbackUrl=%2Fapp%2F
https://www.midjourney.com/home/?callbackUrl=%2Fapp%2F

hitps.://analyticsindiamag.com/ hitps.://hugaingtace.co/spaces /AP 23 /IllusionDiffusion

‘youll-never-have-to-see-another-
boring-qgr-code-again/
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https://github.com/NVlabs/stylegan
https://analyticsindiamag.com/youll-never-have-to-see-another-boring-qr-code-again/
https://analyticsindiamag.com/youll-never-have-to-see-another-boring-qr-code-again/
https://analyticsindiamag.com/youll-never-have-to-see-another-boring-qr-code-again/

ARTISTS EXPLORING GANS



https://mlart.co/

30
PARAG K MITAL | UCLA DMA
CULTURAL AUTOMATION WITH MACHINE LEARNING | SESSION 06:GENERATIVE IMAGES


https://mlart.co/
https://mlart.co/

s

¥

t
:
7
v %
B b4
M
A, L

¥ %

<N
v

il

hiths: / /bkmatal.com/home/works/early-visual-synthesis-works/
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https://pkmital.com/home/works/early-visual-synthesis-works/

hitps:/ /underdestruction.com/2018/12/29/memories-of-passersby-1/
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https://underdestruction.com/2018/12/29/memories-of-passersby-i/
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https://heni.com/spins

hitps./ /spruethmagers.com/artists/jon-rafman/
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https://spruethmagers.com/artists/jon-rafman/

hitps./ /www.jakeelwes.com/project-zizimotion. html
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https://www.jakeelwes.com/project-zizimotion.html
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https://vimeo.com/689052977

https.:/ /breannabrowning.com/
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https://breannabrowning.com/

MIRROR SEARCH CONTRIBUTE  ABOUT

We are documenting the first decacdes of artists who create
work with software and for the internet. From 16mm films macde
with code to CD-ROMs to websites, from the 1960s to the
present, artists have explored and have defined a new medium
for the visual arts. We are collecting information to be shared
with artists, curators, and scholars, and we hope this resource

will be useful in the present and far into the future.
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https://mirrorarchive.net/about

40
PARAG K MITAL | UCLA DMA
CULTURAL AUTOMATION WITH MACHINE LEARNING |



UPRES Al

41
PARAG K MITAL | UCLA DMA
CULTURAL AUTOMATION WITH MACHINE LEARNING |



~ Hugging Face Models

stable-diffusion-x4-upscaler ™ ik

# Diffusers StableDiffusionUpscalePipeline stable-diffusion 2112.10752

Model card Files and versions Community

Stable Diffusion x4 upscaler model card

This model card focuses on the model associated with the Stable Diffusion Upscaler,
available here. This model is trained for 1.25M steps on a 10M subset of LAION
containing images >2048x2048. The model was trained on crops of size 512x512 and
is a text-guided latent upscaling diffusion model. In addition to the textual input, it
receives a noise_level as an input parameter, which can be used to add noise to the

low-resolution input according to a predefined diffusion schedule.

Datasets Spaces Docs Solutions  Pricing LogIn Sign Up

2202.00512 1910.09700 o openrail++

¢</> Use in Diffusers

A NAA

” Edit model card

Hosted inference API

B Spacesusing stabilityai/stable-diffusion-x4-upscaler
» declare-lab/tango
B sagarkarn/text2image

d ankitinter9/my-draw-sell

CULTURAL AUTOMATION WITH MACHINE LEARNING |
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https://huggingface.co/stabilityai/stable-diffusion-x4-upscaler

TOPAZ PHOTO Al: UPSCALE & ENHANCE (@ VIEWSETTINGS = [fa] DOWNLOAD IMAGE (moro BY JEFFERSON DEI.OGO) ‘

hitps://www.topazlabs.com/
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https://www.topazlabs.com/

Z CapCut Templates (Naw) Tools v Create v Resource v Download v @

Free Online Image Upscaler

Free Online Image Upscaler

I Upload image

Or drag & drop your file here

No image? Try these for a quick start.

—
‘-

s m BEFORE

N\ . |
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https://www.capcut.com/tools/ai-image-upscaler

TEXT TO IMAGE
IMAGE TO IMAGE



> INFO

> SUPPORT

» II trial-support

YCOMER ROOMS

135 newbies-1

user
#1010

e

@ Message #newbies-1

Midjourney Bot SEGH
vibrant california poppies

MIDJOURNEY BOT

e Midjourney Bot S2EGH

CHARON THE ALL KNOWING

t_""‘ Charon the FAQ Bot (B85

& MODERATOR
' Moderator
@

A GUIDE

' Guide
&

hitps:/ /www.midiourney.com/home/
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B ugmt
Filier *
Quick Start

~ Getting Started

_ Use the Midjourney hot ta generate stunning images from simple text prompts in

Community Guidelines seconds. Work directly in Discord. No specialized hardware or software is
> Next Stops required.

Al Code of Conduct
* User Guide Don't he a jerk
* Subscriptions Daon't uae pur teels 10 meke images that could infleme, upset, or ceuse arema. Thaet includes

> Using The Website gore and adult coment.

* Reference
> Pelicies

Ee respectiul to other peopie and the team,

Making Images with Midjourney

hitps://docs.nudjourney.com/docs/quick-start
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Al-Driven Ul Design with
Midjourney and Figma

W ADD TO FAVORITES

«O @ w0 O] O

A comprehensive course on transforming Midjourney concepts intg

Ul Design using Midjourney

Nicx Babicn ol lowr
< l@ Fublished In UX Planes

Text-lo-image Al (vols like Midjourney, Dalle-2, and Stable Dilfusion can
generate images from plain text, These dayvs the internet is full of Al
generated images, but the question is, "Can text-to-image tools can be used

for Ul design?”

In this article, we will see how Al tools can deal with regular Ul tasks such as

creating:

« Ul screens

43
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https://designcode.io/midjourney-apps
https://www.youtube.com/watch?v=0-4eVgEB26M
https://uxplanet.org/ui-design-using-midjourney-713e8d1b6a6b

* Providing keywords — ‘style’
e stylize
e chaos

e Resolution STYLES IN MIDJOURNEY

e Aspect ratio

artists

* Passing an image as a prompt as

URL

* Applying weights to the image baced ois thiomes \Q’
Premes Y 5
 Weights to the word prompts rendering
resolution
* Filtering out words
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https://medium.com/mlearning-ai/an-advanced-guide-to-writing-prompts-for-midjourney-text-to-image-aa12a1e33b6
https://medium.com/mlearning-ai/an-advanced-guide-to-writing-prompts-for-midjourney-text-to-image-aa12a1e33b6
https://medium.com/mlearning-ai/an-advanced-guide-to-writing-prompts-for-midjourney-text-to-image-aa12a1e33b6

s Allar Haltsonen 2
-3 ' @bubblez_jazzy
10 Cinematic Midjourney Prompts VOL2. &g

Bookmark for future use. #

Here is a list of cinematic Midjourney prompts. Feel free to copy & paste,
and change or remove parts of the topic as needed.

Happy testing!

Prompt: Cinematic Crane Shot, The sun setting over the scenic
coastline of Malibu, a luxury convertible cruising along the Pacific Coast
Highway, capturing the carefree and glamourous LA lifestyle, as if
through the lens of a vintage Panavision camera --style raw --ar 21:9 --¢
10

¢ Prompt: A ransom drop-off in dirty LA backstreets, gritty
surroundings, neon lights clash with the stark, moonless night,
mimicking the suspense of Tarantino's plots. Captured on lustrous
Kodak Vision3 Color Negative Film 500T 5219 --style raw --ar 21:9

Prompt: Ultra Panavision 70, Action scene in 1970 Los Angeles,
muscle car chase, at day time, shot on warm-toned Eastman Kodak film

M Chaselean &

wldtd - .
@’ @chaseleantj

Seems like the X algorithm was weird lately, and few people saw my
previous post.

It's better now, so I'm updating the post and sharing it again.

Previously | showed you guys how to make vector illustrations w

Midjourney. -

Prompt: i

png white background, [subject], in the style of animated illustre , \

[environment], full body, text-based --style raw --stylize 100

--stylize 250

Here's a neat trick to control the detail level of the images:
Change the "stylize" value at the end of the prompt.

The default value is 100.

I you prefer flatter images with less detail, use a low value like O
If you like more artistic images, use a high value like 500.

It's an easy way to customize the images for your project or presentation.

CULTURAL AUTOMATION WITH MACHINE LEARNING |

--stylize O

--stylize 100

'.'.‘g, I!
\.'. V

== —_— :
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https://twitter.com/bubblez_jazzy/status/1698255033991565655?s=46&t=MHjSXuuPGHmWLD4It3ZkFA
https://twitter.com/bubblez_jazzy/status/1698255033991565655?s=46&t=MHjSXuuPGHmWLD4It3ZkFA
https://twitter.com/bubblez_jazzy/status/1698255033991565655?s=46&t=MHjSXuuPGHmWLD4It3ZkFA
https://twitter.com/chaseleantj/status/1697946877772394775?s=46&t=MHjSXuuPGHmWLD4It3ZkFA
https://twitter.com/chaseleantj/status/1697946877772394775?s=46&t=MHjSXuuPGHmWLD4It3ZkFA
https://twitter.com/chaseleantj/status/1697946877772394775?s=46&t=MHjSXuuPGHmWLD4It3ZkFA

/Imagine png white background, a little family of kittens, in the style of animated illustrations, in a forest,

full body, text-based --style raw --stylize (x)

stylize O stylize 100 stylize 500

ol
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/imagine Cinematic Crane Shot, The sun setting over the scenic coastline of Malibu, a

group of 3 motorcycles driving down the Pacitic Coast Highway, as if through the lens of a

vintage Panavision camera --style raw --ar 21:9 --c 10
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/imagine Close Up shot, cinematic scene of a trendy female profile, at an old New York

Hotel, as if shot on vintage Agtfa Vista 200 film. --style raw --ar 21:9 --c 10

P
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“ Hugging Face Dalasels Spares Dot Solutions  Pricng Log In

High-Resolution Image Synthesis with Latent Diffusion Models

Robin Rormbach, Andreas Blattmann, Dominik Lorenz, Patrick Esser, Bjarn Ommer
stable-diffusion-v-1-4-original t

By decompasing the image formation process inta 2 sequential applicatian of denoising auteencaders. diffusian models (DMs) achieve stare -of the -arr synthesis results an N

Testto-lmage sakle-difus on 2207.1253% 211220752 21030000 L4av 1310.23720 Textivemboprnrai-m

irmage data and beyond. Additionally, their formulation allows for a guiding mechanism to centro’ the image generation process withoul retraining. Fowever, since these
models typically operzte directly in pixel space. optimization of powerful DMs often consumes hundreds of GPU cays and Inference is expensive due to sequental
evaluations. To enablz DM training on limitec cemputat onal resources while retzining their quality and flexibility, we apply them in the latent space ¢f powerful pretrained sn LRES My RO B e
autoencoders. In contrast Lo previous work, training diffusion models on such a representation allows for the first time e reach a near=gptimal peint betveeen complexity
reduct'on and detail preservaticn, greatly boosting visual fidelity. 8y intrcducing arcss-attention layers into the model architecture, we turn diffus/on models into powerful

and tlexible generators for general concitioning inputs such as text or bounding boxes and high-resolution synthesis becemes possible n & convolutioral manner, Qur

Stable Diffusion 5 a latent teat-ta-image diffusion model capable of generating phota.

realistic Imea JEn any text input.

latemt diffusion models (LDMs) achieve a new state of the art for image inpainting and highly competitive performance on varicus tasks, including unconditional image
generaton, semantic scene syrtheslis, 2nd super-resolutier while sigrificandy reducing computational requirements compared to pixel-based DMs Cece s avallable at
this htips URL .

I he Stable-Diffusion-v-1-4 checkooint vas initialized with the weights of the Stable Hosted inference API
Diffusion-v-1-2 checkpoint and subsequently ine-tuned an 225k steps at resolution
sv2 5+ and 10%: dropping of the text-conditioning to

mprove ¢lassifizc-free puidance samplina.

Comments: CVPI 2022

Sunjects: Computer Vision and Pattern Recognition (cs.CV)

Cite as. ErXiv2112.10752 [csCV) @ Spaces using CenpVis/stabla-diffusior v 1-2.ariginal
(or arXv-2112 1075242 [es.CV] far this versian) Download the weights

hetps: ! doi.org) 1048550 /a%w.2712 10752 @
sd-v1-4.ckat

Submission history

From: Robin Rembach [view email)
(vl)Mon, 20 Dec 2021 15 55:25 UTC (46,150 K& These wielghts are intended to be used with the arginal CompVis Stable Diffusicon
[v2] Wed, 13 Apr 2022 11:38:44 UTC (38,971 KE) codebase. If you are looking for the model to use with the D& iffusers library, come
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https://arxiv.org/abs/2112.10752
https://huggingface.co/CompVis/stable-diffusion-v-1-4-original
https://github.com/CompVis/stable-diffusion

DreamStudio

by stability.ai

sa° Generate (4 Edit

Style
Choose style >

v Prompt

Giant rubber duck floating in the ocean with a small
island on its back, surrounded by tropical palm trees
and crystal clear water, bright and sunny day, calm
seas, vivid colors, cinematic lighting, high detall

> Negative prompt

> Upload image T
v Settings
1:1
o
Image count 4
@
& Advanced

hitps.//beta.dreamstudio. ar/generate
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https://beta.dreamstudio.ai/generate

'lt‘l'l'lt"_zl'l '[:.JQFit'iR R_l I'L‘|‘1.' [ﬁ'-‘.ff::?F:‘%ij

xL2irmg

rean cacling rowing out of ground. mud, dirt, gracs. Flgh qualizy, photareallszic, charp focus, dapth of fleld

Nong

Recstore faces Hires. fix

Install Automatic 1111 WITH automated Updates = super easy #gitpull #stablediffusion

Send to Send to

Img2img inpaint extras

gresn sapling rowing oul ol giound, reud, dirt, grass. high qualily, pholorezlistic, shaip focus,
dep.hof field

Steos: 20. Sampler: Eulera, CFG
€0fe2f34, Modal: protogeny.340ffldalr_1

Gscale: 12, Sead: 1441787163, Slze: 512512, Mode!l hach

Timetakex 8.€25 Torch active/reserved: 362974702 MiB. Zys A

APl - Cithub - Cradic -« ReloacUl

¢ Joreh: T 13100107 o abormmwas N/A » prad o 3150
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https://github.com/AUTOMATIC1111/stable-diffusion-webui
https://www.youtube.com/watch?v=3cvP7yJotUM

Stable Diffusion 2

stable-diffusion

& latent taxt 1o image diffusian madel capanls of ganarating paata raalistc Images gvar any text inout

Stanls Diffysion 2.0 i€ an cpen-source maga generstion vooal developed by Stability A S = Diffucion 2.0 ucas 3 new

chilzolure, ils cwn version ol CLIP, anc Lz ned using a new objeclive called v-abjective - - - _ o
- & Puzlin “ageMruns | &9 Gitdua [ Qapar 2 License

Prew el the moce! wilk o descriplive phrass, which may inc'vde objecs, buckgioend, und slyle, such o

Allgn wearing & "\'I",' 1at s Da 7 I Ey nles Varsians
> Lama by ¥ Yampies . ‘arsians
Ar NF| '|3',"» acorir aa tou cndowr " colored pent drawl 3

stic digita’ art of 3 tranquil library on a spacesh p

Input

T promot
Because is e 4 lige 2 Musicn denna applicaticn, i is nol ogtimiced for peconmance. The moede S unning coa T4 GFU and can

lake around SU secorn e JrEerale et nnage. anazlienaut n

Want fasioe nfarence” Tou can degloy your oan nstance of Statle Dituson 2.0 0 Input promps
Youll get tull control ove SIIromManca INClue 19 a<

# hwight

T

Hwizht af seewrste:d imsgwe pexmbs O

Prompt

Submit

Stable_Diffusicon_WebUs_Simpified.i =
Féa Fit View Insert Rumtma Tools  Helo ot Dezgo = Texttolmage

& CopyinDrwe : O Loar
- r

Generate an image from a text description

Welcome to Stable Diffusion WebUI 1.4! by @altryne and simplified by @pinilpypinilpy m e T T T T e e LT
This <elab runs the letest wedyi version from the repe hilpe it .comlky/st Fromes R—Il'l
f this colab he'ped you, support altryne on ko-f) and don't forget to subecribe to ther awezome list httpesodhub com/saliryre/awagome-gi-grt- =
image-synthesis R
Super simple to get started T — »
Muide

N

1. Follow the links to accept the terms for the model and get a token, then paste it into the field below the links

/|

i RRT ; DreamShaper 8 (general) -

2. Optionally enter a password for the webserver.

[
U

3. If you want easy acce<s 10 the images you generate, chack “mount_goog le_drve” then speaty the location

:rmyﬂlinq aftes J ‘-l‘h'm,f:‘."hn ,'“'-Jy Irive/ is what YOul See when yOou open ||x-u:g|» drive norma |\,'|

- - - - - - - - . & Avalans awse Moda
Click the littke play icon, and wait 2 few minutes until the “randam number.gradioapp” ink shows up at the # At

|
e
!
—

bottorn of the lines of code [you'll have to scroll a bet). I you entered a share password, the usemame 15 "webuw®.

? 0/ S uoor] More gplons v
Accept the tarms for the modal If you haven't already (htps:/shuogingface.co/Com pVis/stable-diffusion-/ 1), and capy & token fram hitps:fhugaingface co/seting @y tdod
tokens nset text hera '
Add g pas L& your webui (usemame webui), of legve blank Taor none ) s
-—
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https://app.baseten.co/apps/VBlnMVP/operator_views/nBrd8zP
https://replicate.com/stability-ai/stable-diffusion
https://dezgo.com/text2image
https://colab.research.google.com/github/pinilpypinilpy/sd-webui-colab-simplified/blob/main/Stable_Diffusion_WebUi_Simplified.ipynb#scrollTo=gk1TyBA0Arxt
https://colab.research.google.com/github/pinilpypinilpy/sd-webui-colab-simplified/blob/main/Stable_Diffusion_WebUi_Simplified.ipynb#scrollTo=gk1TyBA0Arxt
https://colab.research.google.com/github/pinilpypinilpy/sd-webui-colab-simplified/blob/main/Stable_Diffusion_WebUi_Simplified.ipynb#scrollTo=gk1TyBA0Arxt
https://colab.research.google.com/github/pinilpypinilpy/sd-webui-colab-simplified/blob/main/Stable_Diffusion_WebUi_Simplified.ipynb#scrollTo=gk1TyBA0Arxt

"\ Neotiticatiors Star  12.9k

e

Saitch branches or tacs 1-webui-controlnet  Pusiic

? (=) Actions Wik () Security ~ Insighls

- ao o file About Input (User Seribhble)

WebU! extensior

186 1l Pull requests
User Prampl

Defaull Aulomatic Prompl

¥ main ¥ 1brarck DO

~ . -
z; llyasviel fix |llite (#2102) weak -’\\; 1,642 commits

agithub

annatatcr
axemple e cld tt2ima and Im

nlernal _contolnel sUx1 supgorl (lor SAIMHugging Huserfcommunily

|avascript
models gingFaceiciffuser/community

y Control #1235

sampes

3crints clllize (#2102)
wparl (Tar SAIMHuggngFacefcifluserfcommur

‘ L . Packages

wab tests roINet input nIMa2img Naa nt ($1/63)

“magic hot air balloon over a lil magic city at might”

“a digital painting of a hot air balloon”
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https://github.com/Mikubill/sd-webui-controlnet

!
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SEAS )

hitps.//antfu.me/posts/ai-qrcode
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https://antfu.me/posts/ai-qrcode

hitps://medium. com/(@inzamak/stable-diffusion-ultimate-

hitps./ /aituts.com/ inpainting/

aurde-pt-4-impainting-77/2ea69472¢9
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https://medium.com/@inzaniak/stable-diffusion-ultimate-guide-pt-4-inpainting-772ea69472c9
https://medium.com/@inzaniak/stable-diffusion-ultimate-guide-pt-4-inpainting-772ea69472c9
https://aituts.com/inpainting/

hitps://twitter.com/matthen? /status/1564608775485895692
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https://twitter.com/matthen2/status/1564608773485895692

= thygate [ stable-diffusion-webui-depthmap-script Public

LN

Pull requests 4 (J) Discussions () Actions [I] Projects () Security |~ Insights

¥ 2branches © 0tags Go to file

semjon00 Zoedepth compatibility fixes 0d579dd last week ) 257 commits

(> Code () Issues 90
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https://github.com/thygate/stable-diffusion-webui-depthmap-script

ComfyUI ¢’

The most powerful and modular stable diffusion GUl and backend. #

ueue size; 0 @
Queue Prompt
Lxtra cptions [l

Save
~oad
Refresh
Clear
Load Default

This ui will let you design and execute advanced stable diffusion pipelines using a graph/nodes/flowchart based
interface. Far some workflow examples and see what ComfyUl can do you can check out:
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https://github.com/thygate/stable-diffusion-webui-depthmap-script

{<
1%

[ sy &

MUl rac1IRSEs *) ] Projects ) ~ Insghts

 masler -

1‘_ ¢ znah Mome pull request #2° from J1apu note
-

LICENSL

REACKE md

Xl'N:ﬂ‘u " :, \"

flawwers.ipa

eky dpe. pa

README, md

deepdream -

Rel

This rapositary cantains IPythan Natahaok with sampla coda, complemanting Gaagle Research hlag post about
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https://github.com/google/deepdream

B Adobe Firefly Dog in a sweater, primary col...

Your imagination’'s new
best friend.

Use generative Al and simple text prompts to create the highest- ey . NG o

: T b1 4 - P, ¢ » *. Generative Fill
quality output — beautiful images, text effects, and fresh color N :
palettes. Make all-new content from reference images and explore

E:ﬂ* Text to Image

more possibilities, more quickly. Text Effects

Get Firefly free
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https://firefly.adobe.com/inspire/images

Real-Time-Latent-Consistency-Model T © like ¥ Running on A106G Community

Real-Time Latent Consistency Model
Image to Image

This demo showcases LCM Image to Image pipeline using Diffusers with a MJPEG stream
Server.
There are 2 user(s) sharing the same GPU, affecting real-time performance. Maximum
queue size is 4. Duplicate and run it on your own GPU.

Prompt

Change the prompt to generate different images, accepts Compel syntax.

Portrait of The Terminator with , glare pose, detailed, intricate, full of colour, cinematic lighting, trending on
artstation, 8k, hyperrealistic, focused, extreme details, unreal engine 5, cinematic, masterpiece

~

» Advanced Options

e
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https://huggingface.co/spaces/radames/Real-Time-Latent-Consistency-Model

IMAGE STYLIZATION +
EDITING



KREA Tcols v Explore How it works Use cases Roadmap Careers [ @ Joindiscord IR G NS TR

_— -
Create an Al with
your own style.

Try KREA for free
1 2 3

UPLOAD IMAGCES TRAIN Al GENERATE IN CANVAS

— IP!
313
I

’1;

€} Train S

1‘ T, Sped mape I Mg woeded
-
. N

e
- d

= ) - N
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https://www.krea.ai/#how-it-works

ﬁ Home

m This Device
@ peaDrive

ZE  Dropbox

7@ OneDrive

@ Google Drive
@ Shared Drives
@ Shared with me

@ Private Folder

') Photopea

[ K] New Project J [ [ Open From Computer ]

[ L4 Templates ]

JPG PNG
GIF TIFF
SVG DDS

.sketch .PDF XCF RAW  ANY

@El@

https./ /www. photopea.com/
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https://www.photopea.com/

IMAGE TO TEXT
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~ Spaces @ CLIP-Interrogator ' App Files Community B3

CLIP Interrogator

Want to figure out what a good prompt might be to create new images like an existing one?

The CLIP Interrogator is here to get you answers!

You can skip the queue by duplicating this space and upgrading to gpu in settings: Duplicate Space

Prompt

ViT-L (best for Stable Diffusion 1.%)

Drop Image Here

Click to Upload classic negative
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What are some creative ways you could imagine using Stable

Diffusion or other generative image techniques?
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hitps.//huggingtace.co/spaces/pharmapsychotic/CLIP-Interrogator
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https://huggingface.co/spaces/pharmapsychotic/CLIP-Interrogator

ARCHIVAL RESOURCES
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Further approaches

Image generation: These Al-powered tools leverage generative models to create new images from scratch. Some
of the popular tools that use GANs (Generative Adversarial Networks) or VAE (Variational Auto-Encoders) include
DALL-E, Artbreeder, and GANBreeder.

Image enhancement: These tools use Al to enhance the quality of existing images by improving their resolution,
removing noise, and adjusting the color balance. Some of the popular tools that offer these features include Let's
Enhance, Enhance.Al, and Waifu2x.

Image recognition: These tools use computer vision and deep learning algorithms to detect and classify objects
within images. Popular examples include Clarifai, IBM Watson Visual Recognition, and Google Cloud Vision.
Remove.bg: An Al-powered tool that removes background from images

Let's Enhance: An image upscaling tool that uses Al to enhance and improve image quality

DeepArt: A tool that uses neural networks to transform images into artistic styles, similar to famous paintings, etc.
Artisto: An Al-based app that transforms pictures and videos into works of art.

Enhance.ai: A solution that uses Al to improve the clarity, quality, resolution and color of images.

75
PARAG K MITAL | UCLA DMA
CULTURAL AUTOMATION WITH MACHINE LEARNING | SESSION 06:GENERATIVE IMAGES



HOMEWORK
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Homework

e In groups of two, explore the use of 3+ of the image generation tools presented in
class

e Create images, artworks, etc.. related to your interests / topic for the course

e This work should be able to be presented as a standalone project, but should ideally
contribute towards the development ot your final project

e Presentation format is open to student preference, but should be limited to 3-5

minutes
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