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Gemini Deep Learning lllustration Request v & PRO @

Can you generate a wide-screen, funny illustrationinthe
style of Jean-Jacques Sempe in a dark background for

my deep unsupervised learning class. It includes

generative models, namely autoregressive models (like

you), flow-based models, variational autoencoders,
generative adversarial models, and diffusion models, and

self-supervised learning. Don't use any French.
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A little about me...

Koc University
Associate Professor
2020-now

Hacettepe University
Associate Professor
2010-2020

Universita Ca’ Foscari di Venezia
Post-doctoral Researcher
2008-2010

Middle East Technical University
1997-2008

Ph.D., 2008

M.Sc., 2003

B.Sc., 2001

MIT
Fall 2007
Visiting Student

VirginiaTech
Visiting Research Scholar
Summer 2006
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v ITMITech

| explore better

ways to understand,

Interpret and

manipulate visual datas

My research interests'
span a diverse set of k

topics, ranging from

Image editing to visual s

saliency estimation,
and to multimodal

learning for integrated
vision and language.
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COMP447/547 Survey

* Required

https://forms.gle/ijbURnzrabNVWkkcQHS



https://forms.gle/jbURnzra6NWkkcQH8
https://forms.gle/jbURnzra6NWkkcQH8

Lecture Overview

e course logistics
e Ccourse topics
* what I1s deep unsupervised learning

* Disclaimer: Some of the material and slides for this lecture were borrowed from
—Pieter Abbeel, Peter Chen, Jonathan Ho, Aravind Srinivas’ Berkeley C5294-158 class



Course Logistics



Course Information

Lectures Tuesday and Thursday 14:30-15:40 (SOS 103)

PS Friday 14:30-15:40 (SOS 727)
Instructor Aykut Erdem

TAs Andrew Bond, Hakan Capuk, and Umut Melanlioglu
&,gqg'::;--. . ‘

Website  https://aykuterdem.github.io/classes/compb47.s26/

« KUHub Learn for course related announcements and collecting and
grading your submissions

10


https://aykuterdem.github.io/classes/comp547.s26/
https://aykuterdem.github.io/classes/comp547.s26/

Reference Book

« Jakub M. Tomczak Deep Generative

Modeling, Deep Learning, MIT Press,

2016 (available via Suna Kirac Library)

* |n addition, we will extensively use
online materials (video lectures, blog
POStS, surveys, papers, etc.)

Jakub M. Tomczak

Deep

Generative
Modeling

Second Edition

@ Springer
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Kog University
COMP5HAT Deep Unsupor\riscd Learning
Lecture Notes

Abdul Basit Anees Adil Kaan Akan Ahmed Tmam Shah
Ahmet Canberk Baykal Ali Safaya Alpay thum-uoi_r‘lu
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Seher Oazgelik Serdar Qzsoy Yasemin Yagaroflu Aykut Erdem

June 16, 2021
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Instruction Style

« Students are responsible for studying
and keeping up with the course material
outside of class time.

— Reading certain book chapters,
papers or blogs, or

— Watching some video lectures.

» After the first six lectures, each week
we will discuss a paper on the topics of
the previous week.




Prerequisites

» Calculus (MA
. TH106, M
inear algebra (MATH10A7)TH203) ne

— Derivatives,
—Ten '
sors, matrix operations

e Pr ili
obability and statistics (ENGR200)
* Machine learning (ENGR421)

* Deep learning (COMP541)

* Programming (Python)

MATH PREREQUISITE QuIZ

COMP54T Deep Unsupervised Learning, Spring 2024
MATH PREREQUISITES QUIZ

SpRNG 2025
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Topics Covered in ENGR421

 Basics of Statistical Learning

— Loss function, MLE, MAP, Bayesian estimation, bias-variance tradeoff,
overfitting, regularization, cross-validation

» Supervised Learning

— Nearest Neighbor, Naive Bayes, Logistic Regression, Support Vector
Machines, Kernels, Neural Networks, Decision Trees

— Ensemble Methods: Bagging, Boosting, Random Forests

* Unsupervised Learning
— Clustering: K-Means, Gaussian mixture models
— Dimensionality reduction: PCA, SVD

15



Topics Covered in COMP411/511

* Image Classification  CNN Architectures

» Loss Functions and Optimization <+ Recurrent Neural Networks for

Video Analysis
* Neural Networks and
Backpropagation * Generative Models for Image
_ Synthesis
» Convolutional Neural Networks
for Visual Recognition * Self-Supervised Learning

 Training Deep Neural Networks » Transformers for Image Data

16



Topics Covered in COMP441/541

e Basic linear models for  Recurrent Neural Networks

classification and regression _
* Attention

* Stochastic Gradient Descent
(Backpropagation) Learning

. AutoGrad  Graph Neural Networks

« Transformers

- Multilayer Perceptron (MLP) * Pretraining Language Models

. Convolutional Neural Networks ~ ° Large Language Models

 Visualizing CNNs * Multimodal Pretraining

17



Course Topics



Topics Covered in This Semester

* Neural Building Blocks:  Latent Variable Models

CNNs and RNNs

* Generative Adversarial Networks
* Neural Building Blocks:

Attention and Transformers » Diffusion Models

» Autoregressive Models * Video Generation

+ Normalizing Flow Models » Self-Supervised Learning

19



Schedule

Week
Feb 10-12

Feb17-19

Mar 24-26
Mar 3-5
Mar 10-12
Mar 17-19
Mar 24-26
Mar 31-Apr 2
Apr /-9
Apr 14-16
Apr 21

Apr 28-30
May 5-7
May 12-14
May 21

June 9-11

Topic

Introduction to the course (Survey)
Neural Building Blocks I: Spatial Processing with CNNs

Neural Building Blocks II: Sequential Processing with RNNs
Neural Building Blocks lll: Attention and Transformers

Autoregressive Models
Normalizing Flow Models

Latent Variable Models

Spring Break

Generative Adversarial Networks |
Generative Adversarial Networks Il
Diffusion Models |

Diffusion Models Il

Strengths and Weaknesses of Current Generative Models
Project Progress Presentations
Video Generation

Self-Supervised Learning |
Self-Supervised Learning Il

Final Project Presentations

Assignments

Assg 1 out

Assg 1 due, Assg 2 out

Project proposal due

Assg 2 due, Assg 3 out

Assg 3 due
Project progress reports due

Midterm Exam

Final project reports due 20



Lecture 2: Neural building blocks: CNNs

Samoyed (16); Papillon (5.7); Pomeranian (2.7); Arctic fox (1.0);
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A Convolutional Neural Network (CNN)

Y. LeCun, Y. Bengio, G. Hinton, "Deep Learning", Nature, Vol. 521, 28 May 2015 ”



Lecture 3: Neural building blocks: RNNs
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nt word input

C. Manning and R Socher, Stanford CS224n Lecture 8 Notes
Y. LeCun, Y. Bengio, G. Hinton, "Deep Learning", Nature, Vol. 521, 28 May 2015
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Lecture 4: Neural building blocks:
Attention mechanisms, Transformers

a teddy bear.

! Transformer _ Outeut
Model

Probabillities

| Softmax |

[ Linear
"} Forward
7 S s st e : S A. (Add & Nom ﬁ
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Spatial Attention in Image Captionin Nx | —(AoaaNem) -
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K. Xu et al., “Show, Attend and Tell: Neural Image Caption Generation with
Visual Attention”, ICML 2015

D. Bahdanau, K. Cho and Y. Bengio, “Neural Machine Translation by Jointly

éte

signé
en
ao(t
1992

,x1

Xz: X3

Learning to Align and Translate”, ICLR 2015

A. Vaswani et al., "Attention Is All You Need”, NIPS 2016
23
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Lecture 5 Lecture : Autoregressive Models

PixelCNN

A. van den QOord et al.,

S. Reed et al.,

S T B
st S e 12 Bl
African elephant Coral Reef
EEEEg LA FRUSFRIREW
lllﬁhiﬂiﬂ - 0 g T b BT
Sl LT LT P A el d 2 T

Sandbar Sorrel horse

"A yellow bird with a black head, orange eyes and
an orange bill."

Class conditioned samples generated by PixelCNN

‘Conditional Image Generation with PixelCNN Decoders", NeurlPS 2016
"Parallel Multiscale Autoregressive Density Estimation®, ICML 2017



Lecture 6: Normalizing Flow Models

Sampling and Entropy
zx = fro...0 fao fi(zo)

2fi
azk

K
log gx (zx) = log qo(2o) — Y _ log det
=1

S. Mohamed, D. Rezende, Deep Generative Models, UAI 2017 Tutorial
L. Dinh, S. Sohl-Dickstein S. Bengio, "Density Estimation Using Real
NVP', ICLR 2017

D.P. Kingma, P. Dhariwal, "Glow: Generative Flow with Invertible 1x1
Convolutions', NeurlPS 2018



Lecture 7: Latent Var

@)

log p(z) >log p(x) — Dk (¢(2)[lp(z | z))
=E.rq logp(w, z) + H(q)

Nl wovwa B
~ Ay -0 L
WL WWQRONd W
MWW PSSV -

(d) CelebA HQ (¢ = 0.6) (e) FFHQ (t = 0.5)
Synthetic images generated by NVAE

D. P. Kingma and M. Welling, “Auto-encoding variational Bayes”, ICLR 2014
A. Vahdat and J. Kautz, "NVAE: A Deep Hierarchical Variational Autoencoder’, NeurlPS 2020
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Lecture 8-9: Generative Adversarial Networks

1024

e
H N @ .:::::: =

Stride 2 16

Project and reshape SHR

CONV 2

5@ Class-conditioned samples generated by BigGAN
min max Eyq[log Dy, (¥)] + Ex~p, [log(1 — D, (x))]

Layout Sample Original Layout Sample Original Layout Sample Original Layout Sample Original Layout Sample Ongmal

.
< "
e

smiling neutral neutral

smiling man
woman woman man 9

|. Goodfellow, J. Pouget-Abadie, M. Mirza, B. Xu, D. Warde-Farley, S. Ozair, A. Courville, and Y. Bengio, “Generative adversarial nets”, NIPS 2014.

A. Radford, L. Metz, and S. Chintala, “Unsupervised representation learning with deep convolutional generative adversarial networks”, ICLR 2016

L. Karacan, Z. Akata, A. Erdem and E. Erdem, “Learning to Generate Images of Outdoor Scenes from Attributes and Semantic Layouts”, arXiv preprint 2016
A. Brock, J. Donahue, K. Simonyan, “Large Scale GAN Training for High Fidelity Natural Image Synthesis”, ICLR2019 7



Progress in GANs

360
345
330
315
300
285
270
255
240

ers

p
R
(&3]

210
195
180
165
150
135
120
105

Total number of pa

7%

15
2014

Source: https://github.com/hindupuravinash/the-gan-zoo

Cumulative number of named GAN papers by month

2015 201 2017
Year

When we started

2018

E

lan Goodfellow Retweeted
Terry Taewoong Um @TerryUm_ML - Apr 6

| developed a GANN (Generative adversarial name-making networks), for you;

@hardmaru @karpathy. The source code is available in powerpoint.

GANN

Generative Adversarial Name-making Networks

GANGNAM :
style transfer {55 Rl

&

'GAN'

D

Determine if the
name is cool or not

Generate prefix or
postfix of GAN

ih)

Character-level input

@TerryUm_ML

% 3 L3 101 ¥ 290
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Lecture 10-11: Diffusion Models

W

-
-

R

<3 3 PO

Forward SDE (data — noise) Po(Xt—1|x¢)
x(0) dx = f(x, t)dt + g(t)dw @ — @ e v >
. e

core fu on

(K00 e - s}t

Reverse SDE (noise — data)

,—‘ te s Sl
Synthetic CIFAR10
Images by the score-based

model of Song Ho et al.
J. Ho, A. Jain and P. Abbeel, “Denoising Diffusion Probabilistic Models”, NeurlPS 2020.
Y. Song, J. Sohl-Dickstein, D. P. Kingma, A. Kumar, S. Ermon, B. Poole, "Score-Based Generative Modeling Through Stochastic Differential Equations”, ICLR 2021.

P. Dhariwal and A. Nichol, "Diffusion Models Beat GANs on Image Synthesis”, NeurlPS 2021.

Diffusion DenOiSing model by Ho et al. Synthe‘“c images genera‘ted by ADM

29
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ecture 13: Video Generation Models

in the ocean.

A turtle swimming

Mask

m

L. A

Concatenat

Blattmann, Andreas, et al. "Align your latents:

High-resolution video synthesis with latent diffusion models." CVPR. 2023.
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Lecture 14-15: Self-Supervised Learning

Objectives:

> | > ConvNet , Maximize prob.
> g(X,y=0) > model F(.) F(x")
Exam ple'
Rotate 0 degrees e 5 Predict 0 degrees rotation (y=0)
Rotated image: X
> g(x,y=1) > By > ConvNet Maximize prob.
(e < model F(.) F'(Xx"
Rotate 90 degrees = Predict 90 degrees rotation (y=1)
i ConvNet | i Maximize prob.
! > g(Xx,y=2) > model F() Fi(x?)
Image X Rotate 180 degrees Predict 180 degrees rotation (y=2)
Patched Mnsud 13 B C Net Maximi b
Self-supervised [256,256,3)  ResNet-161  [7.7,4096] 7.7, 4096] g S onviNe > aximize prob.
Feature Extractor f pre-training S InfoNCE 5 > glx,y=3) 5 » model F() F(Xx?)
Patched ResNet-161 1009% images; 0% labels % -_’ - i Rotate 270 degre :
a OIS LY, CRTecs . 3 Predict 270 degrees rotation (y=3)

Image x

Rotated image: X
Pre-trained Fixed
L' | Ssiﬁcation [256, 256, 3] Patched ResNet-181 [7, 7, 4086] {1000, 1] Ciots
Inear cla:
e Mgttt L .

Masked ConvNat

Pre-traned m
i Eff. ‘e t I r “ [224, 224, 3] Fbém;[?ﬁnled [14, 14, 4096) ResNet-33 {1000, 1) Cross E_)
79t 100% mages and by X : vy -\=) | & C. Doersch, A. Gupta, A. A. Efros, "Unsupervised Visual
Pre-traned - Representation Learning by Context Prediction", ICCV 2015.
Transfer learning e “j s S. Gidaris, P. Singh, N. Komodakis, "Unsupervised Representation
R (& ] [h | Learning by Predicting Image Rotations", ICLR2018.
Suservised training ™ powrsz o/ g O.J Henaff, A. Srinivas, J. De Fauw, A. Razavi, C. Doersch, S.M.A.
08s | ® . " . . P .
1% 16 100% Inageednd s X -\ | 3 Eslami, A. van den Oord, 'Data-Efficient Image Recognition with

Contrastive Predictive Coding", iCML2020.
32



Assignments

* 3 assignments (7% each)
* Learning to iImplement and evaluate deep generative models

Assg1: Autoregressive Models (out 2/27, due 3/13)
Assg?2: Flow Models and VAEs (out 3/13, due 4/3)
Assg3: GANs and Diffusion Models (out 4/3, due 4/22)

33



Assignment Policy

* All work on assignments should be done individually. You are
encouraged to discuss with your classmates about the given
assignments, but these discussions should be carried out In an abstract
way. In short, turning iIn someone else’s work, in whole or in part, as
your own will be considered as a violation of academic integrity.

Please note that the former condition also holds for the material found
on the web as everything on the web has been written by someone
else.

34



Assignment Policy

* You may use up to 7 grace days (in total) over the course of the
semester. That is, you can submit your solutions without any penalty if
you have free grace days left.

* Any additional unapproved late submission will be punished (1 day late:
20% off, 2 days late: 40% off, 3 days late: 50% off) and no submission
after 3 days will be accepted — you may use at most 3 grace days
for a specific assignment (grace days included!).

35



Paper Presentations == geasemescen o

Feb 17-19 Neural Building Blocks II: Sequential Processing with RNNs
Neural Building Blocks llI: Attention and Transformers

* \We will discuss 9 recent papers

_ _ Mar 24-26 Autoregressive Models
related to the topics covered in the Var 25 Normalizing Flow Models  @mm. P20ET PrESCNIIONS
ClaSS' Mar 10-12 Latent Variable Models
* See the presentation roles on the i pellic Rk

course Web page fOr the deta”S. Mar 24-26 Generative Adversarial Networks |
Mar 31-Apr 2 Generative Adversarial Networks Il
Apr 7-9 Diffusion Models |
Apr 14-16 Diffusion Models I
Apr 21 Strengths and Weaknesses of Current Generative Models
Apr 28-30 Project Progress Presentations
May 5-7 Video Generation
May 12-14 Self-Supervised Learning |
May 21 Self-Supervised Learning Il
June 9-11 Final Project Presentations 36



Paper Reviews

Think deeply about the papers we read and try to learn from them as
much as possible (and then even more). If you do not understand
something, we should discuss It and dissect it together. VWhatever you think
others understand, they understand less (the instructor included), but
together we will get It.

* |dentify the key questions the paper studies, and the answers it provides to
these gquestions.

» Consider the challenges of the problem or scenario studied, and how the
paper's approach addresses them.

* Deconstruct the formal and technical parts to understand their fine details.
Note to yourself aspects that are not clear to you

Borrowed from Yoav Artzi 37



Paper Reviewing Guidelines

* When reviewing the paper, start with 1-2 sentences summarizing what the
paper Is about.

« Continue with the strength of the paper. Outline its contribution, and your
main takeaways. VWhat did you learn?

« Highlight shortcomings and limitations. Please focus on weaknesses that
fundamental to the method. Unlike conference or journal reviewing, this part
is intended for your understanding and discussion.

* Try to suggest ways to address the paper's limitations. Any idea I1s welcome
and will contribute to the discussion.

« Suggest questions for discussion in class. As part of the discussion in class,
you are asked to raise these questions during the class.

Borrowed from Yoav Artzi  3g



Midterm Exam

» Date: TBA

* Topics: Everything covered on generative models throughout the
semester

 Format to be decided later.

20



Course Project

* The course project gives students a chance to apply deep unsupervised
learning models discussed In class to a research-oriented project

* Projects should be done in groups of 2 to 3 students.

* The course project may involve
- Design of a novel approach/architecture and its experimental analysis, or
- An extension to a recent study of non-trivial complexity and its experimental analysis.

 Deliverables

- Proposals March 29
- Project progress presentations April 28-30
- Project progress reports May 3

- Final project presentations June 9-11

Final reports June 14

40



Course Project

* The course project gives students a chance to apply deep unsupervised
learning models discussed in class to a research-oriented proiect

* Projects should be done in groups of 2 to 3 studentr

* The course project may involve

- Design of a novel approach/architecture and its experin

- An

Start thinking about

* Deliv

~project ideas!

Project progress presentations
Project progress reports

Final project presentations
Final reports

March 29
April 28-30
May 3
June 9-11
June 14
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Grading

Assignments
Midterm Exam
Course Project
Paper Presentations
Paper Reviews

Class Participation

(includes both lectures and tutorials on PS hours)

21% (3 assignments x 7% each)
10%

36%

18%

5%

10%
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Text-Guided Image Manipulation using GAN Inversion

Abdul Basit Anees "' Ahmet Canberk Baykal ™'

Abstract

Recent GAN models are capable of generating
very high quality images. Then, a very important
follow-up problem is, how to control these gener-
ated images. A carcful analysis of the latent space
of GANs suggest that this control can be achieved
by manipulating the latent codes in a desired di-
rection. In this project, our task is to generate and
manipulate images such that they have some de-
sired attributes that match a text description, For
this purpose, we used a GAN inversion model to
map the images together with the corresponding
texts to the latent space of a StyleGAN model.
Previous approaches use separate encoders for the
image and the text, our idea was to combine these
in a joint encoder which outputs a shared latent
code. This latent code then is used in 3 pretrained
StyleGAN generator to generute the image with
the desired features, We conducted experiments
on natural datasets and compared our results with
the related work,

1. Introduction

The state-of-the-art GAN approaches such as StyleGAN
(Karras et al,, 2019) are able to produce high resolution
and very realistic Jooking images. This latest success of
lhe GAN models brings up another very important and an

ing idea, which is image In
a traditional GAN model. the image is generated by the
generator using the Jatent code which is usually sampled
from a multivariate Gaussian distribution, This noise vector
is the main source of the stochasticity and the variation in
the generated images. Therefore, we believe that generating
images which contain some desired attributions is pomblc

of the learned latent space. One way to achieve this is to
introduce another modality that can help us move in the
right direction in this latent space. Our basic idea is to use
textual descriptions together with the images such that the
latent codes are aligned with these textual descriptions.

In this project, our aim is to generate images which possess
a set of attributes given by a language description. We have
based our approach on the idea of GAN inversion {Xia et al.,
2021b), which is the task of mapping the given images back
to the leamed latent space of a pretrained GAN model. We
have used a model that maps the images together with the
tanguage inputs 1o a shared latent code, which then is used
to generate an image with the desired attributes.

2. Related Work

In this section, we will discuss different approaches on
GAN Inversion and some of our bascline methods. The
learning based inversion models typically involve training
an encoder, which maps an image to the latent space of a
pretrained generstor. The objective is similar to an auto-
encoder network where the pretrained generator acts as a
decoder.

Another method is direct optimization, where the latent code
is directly optimized by gradient descent. The objective is
the reconstruction loss between the target image and the
generated image using the optimized latent code. The hy-
brid methods combine both lcaming based methods and
direct optimization methods. The images are first inverted
to the latent space by the encoder and direct optimization is
applied 1o the latent code. The direct optimization method
is not useful for our approach since our proposed approach
involves training an encoder. However, both learning based
and hybrid methods are suitable for our approach.

ln the following subsections, we will discuss some of the
methods that we use as our baselines and some

via controlling this latent code in a
way. We believe that this is not a strught-forward task
since it requires the careful inspection and manipulation

| contribution  'Department of Computer Engincer-
ing, Km University, Coerespondence 100 Abdul Ba-
sit Anees <uanees20@kuedutr>, Ahmet Canberk Baykal
<abaykal20@ku.cdu.tr>,
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related work who also make use of these inversion methods.

2.1. IDInvert

IDInvert (Zhu et al., 2020) is a hybrid inversion method.

They are leaming a domain-guided encoder which maps
the image to the Latent space. Then, domain-regularized
optimization is applied to the latent code. However, the

Interpretable GAN Controls with Component Analysis Methods

Gokean Tatli*' Serdar Ozsoy ™'

Abstract
Generative Adversarial Networks (GANs) be-
come more and more popular in the field of com-
puter science. One of the main reasons behind
this popularity is that they generate high qual-
ity images, However, there is a lack of direct
control over generated images. Regarding this,
recent works have shown that identifying new in-
terpretable control directions without supervision
is possible. Based on these, in our work, we are
using the architecture of GANSpace, one of the
latest works on controllable GAN in an unsuper-
vised manner. In GANSpace setting, Principal
Component Analysis (PCA) is used to find im-
portant latent directions on pre-trained models,
which are mainly formed by StyleGAN and Big-
GAN structures. In this work, we try to propose
alternatives to PCA to increase variation qual-
ity in same pre-trained models and leam new
interpretable dirctions. Therefore, we apply a
class of component analysis techniques, Factor
Analysis (FA), Independent Component Analy-
sis (ICA), Bounded Component Analysis (BCA)
and Nonnegative Component Analysis (NMF) in
GANSpace setting. Then, we compare the re-
sults of ncwly emplyoyed techniques with PCA.
and our

tal results, we evuluate these component nnalysu
techniques and provide some interpretations about
discovered latent directions, Therefore, as a main
outcome, we employ a class of component analy-
sis techniques for the unsupervmed duscovery of
useful latent directions in G

Networks (GANs).

1. Introduction

Identifying new interpretable control directions for the high

quality images of Generative Adversarial Networks (GANs)
*Equal contribution 'Department of Electrical and Elec-

tronics Engineering. Correspondence to: Serdar Ozsoy <soz-
sy 19@ku.edu tr>.
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Figure 1. Examples of interpeetable directions discovered by ICA
with layerwise editing in StyleGAN2, Components are 1, §, 8 and
2, srespectively for features. Edited layers are (3-4), (7-9), (5-8)
and (8-10), respectively features. Scale is -4 for each feature,

provide us a way of controlling and editing i images depend
ing on our needs and In this manner, i

of the latent space of GANs can be defined as finding human-
understandable meaning for the directions in the latent space.
For thls und:mandmg, the latent code can be moved along
these d d i Then, these cause
a deliberate change in output images, which human eye
can detect, This task is not easy to analyze, since there are
mostly large number of semantics and latent spaces have
high dimensionality,

The initial work in finding control directions of Genera-
tive Adversarial Networks (GANs) is use of supervised
app which randomly sample a collection of latent
codes for the purpose of generating a collection of images
from these codes. Using pre-trained attribute (feature) pre-
dictors or using basic statistical information, the images are
labelled to train a classifier in latent space. These classifiers
are not available or it is difficult to train these classifiers
for some attributes. These restrict the usage of supervised
methods for the discovery of control directions in GANs,

Limitations in supervised approaches opens the way that
goes to unsupervised approaches. Recent works have shown
that identifying new interpretable control directions with-
out supervision is possible and this provides more consis-
tent directions in terms of for different cases.
GANSpace (Hirkonen et al., 2020) is one of the leading un-
supervised approaches which does not require model train-
ing. Our work is mainly based on this unsupervised dis-
covery method. In GANSpace, the authors use Principal

Two Efficient Transformers Can Make One Fast GAN

Nazir Nayal "' Binnur Sahin "' Moayed Haji Ali "'

Abstract

Generative Adversarial Networks (GANs) (Good-
fellow et al., 20142) have been widely used for
various image gencration tasks in the computer
vision literature. While the early GAN architec-
tures use convolutional lsyers as the main build-
ing blocks, recent attempts were made to replace
the convolutional layess with the Ti

generated images. While convolutional layers have been
used as lhe main buikding blocks in many COmPALeT vie
sion many have been

to replace convolutions with self-attention layers follow-
ing the trend that has emerged since the appearance of the
Transformer architecture (Vaswani et al,, 2017) to adapt its
features 10 the Computer Vision domain. The motivation
is that the Tranxformcr encoder layer has the capacity o

encoder layers (Vaswani et al, 2017). As im-
ages consist of a large number of pixels, using
quadratic self-attention modules with images im-
poses difficult related 1o effici

the li caused by the locality of convo-
lution filters. These efforts have reached the area of image
generation through several contributions attempting 1o use
the Transformer encoder layer as the main block in GAN

TransGAN (Jiang et al., 2021) is one of the first
proposed architectures that fully replaces convo-
Tutional layers with transformer encoder layers
in the GAN domain. In this project, we address
the efficiency limitation of the TransGAN paper
and propose solutions to improve the efficiency
by replacing the self-attention modules with more
efficient ones. Additionally, we attempt 1o re-
place the patch-based tokenization method with
semantic tokenizers in the discriminator module
to observe its effect on the performance of the
discriminator. We present the results of our exper-
iments that include the replication of the original
TransGAN, as well as our attempts to replace the
sclf-attention modules and tokenizer. The code
is available at github.com/NazirNayal8/
efficient-transformer-gan

1. Introduction

After the deep leaming revolution in 2012 introduced by
the AlexNet (Krizhevsky et al., 2012), many deep learn-
ing have been ped for image i
tasks, such as Vanational Autoencoders (VAES) (Kmym lt
Welling, 2014), Flows (R

2016) and GANs (Goodfellow et al., 2014b). Among these
pmposed architectures, GANs have shown great success
image generation tasks in terms of the quality of the

“Equal A of Computer
Correspondence to: Name Sumame <email>
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TransGAN (Jiang et al., 2021) paper is one of the first at-
tempis to fully replace convolutions with Transformer en-
coder layers (Vaswani et al,, 2017). TransGAN achieves
competitive results compared to state-of-the-art convolu-
tional archi Despite the provided by
Transformer encoder layers, they suffer from high computa-
tional costs caused by the quadratic complexity of the self-
attention module with respect to the number of input tokens.
In this project, we ipted to optimize the p

of TransGAN by experi with several

First, We attempted 1o replace the standard self-attention
modules in the Transformer encoder layer with optimized
self-atteation modules which have beea recently introduced
in the literatre, like Linformer (Wang et al,, 2020), Long-
former (Beltagy et al., 2020), and Informer (Zhou et al.,

2021). These pmpoced opﬂmmd attention medules uti-
lize some and properties of self-
attention to minimize the number of operations and maintain
a comparable performance to the original module,

Furth TransGAN's Di module attempts
to divide the input image into 16x16 patches following
the approach proposed in (Dosovitskiy et al., 2020), and
considers each patch as a single input token after applymg o
linear projection, We igate replacing this

method, where cach token represents a spatial location, with
 scheme that allows cach token to learn a semantic concept
instead.  For this, we investigate adapting the tokenizer
modules introduced by Wu et. al in (Wo et al,, 2020). These
modules apply spatial attention in order to produce a number
of tokens that leamn to summarize high-kevel concepts of the
input image or feature map. Our motivation is that semantic
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B-VAE-WGAN
Adversarial Variational Autoencoder Training via Wasserstein Loss

Miray Morova™ ' Caner Korkmaz "'

Abstract

We present a Hybrid Variational Autoencoder
- Generative Adversarial Network with 5-VAE
and WGAN. Our motivation is learning inter-
pretable and disentangled representations in an
unsupervised fashion while generating and recon-
structing images with good quality. Our 3-VAE-
WGAN improves on the VAE-GAN model by
using WGAN and 5-VAE to achieve generated
and reconstructed images with a better quality
while still achieving disentangled feature repre-
sentations.

1. Introduction
Learning interp and disentangled rep jons in
an unsupervised fashion is an interesting problem for gen-
crative latent space networks, Having representations well
suited for given tasks is important in general for machine
Jeaming and disentangled repeescntations allow us to better
u.nti:mmd which latent factor affects which image fea-
ture. 4-VAE is a promising model in this ﬁcld achieving
highly di: learnt Jatent repy however,
the generated and reconstructed images are still blurry like
regular VAEs. Moreover, overall quality of the generated
and reconstructed images are not as good as recent methods.
In GAN-based models, the discriminator leams how simi-
lar/dissimilar the d images (and i learned
features) are and thus, can serve as a similarity measure
for the gencrated images of VAEs when used together to
achicve better results in general, and hybrid VAE-GAN mod-
cls (Larsen ct al,, 2016) aim to generate images with good
quality while also having a better reconstruction quality.
Our aim is to have a latent space model with disentangled
representations like 3-VAE, sharper outputs like GAN mod-
els with a stable training scheme while avoiding mode col-

“Equal contribution 'Department of Computer Engineer-
ing, Kog University, Istanbul, Turkey. Comespandence to:
Caner Korkmaz <c\(u’kmul6®lmtﬂn.lr> Mirny Morova
<mmoroval6@ ku.edu r>
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lupse in the generator. We found that VAE-GAN model
image quality is better than VAES as promised but the train-
ing is unstable, and morcover, addition of 3 can cause mode
collapse in the decoder. To solve these problems, we have
found out that & beta-VAE model with a WGAN generator
works well which trades off disentanglement score for image
quah(y. i.e, has better images than 3-VAE while obtaining
less di Using in GAN
also makes sense since the VAE-GAN model aims to learn
a similarity metric to help the VAE training and Wasserstein
GAN is closer 1o an actual similarity metric compared to
regular GAN's, Thus, our contributions in 3-VAE-WGAN
wre:

* A more stable VAE-GAN architecture by using regular
reconstruction error instead of discriminator features

* VAE-GAN architecture with 3-VAE loss for obtaining
disentangled representation

* VAE-GAN uraining with Wasserstein Loss to avoid
mode collapse and have a stable training scheme

2. Related Work
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Figure 1. VAE-GAN Architecture (Larsen et al, 2016}

Our approach builds upoa on the VAE-GAN model in which
a VAE is combined with a GAN in order to leam a high-
level similarity metric instead of the traditional element-
wise metric as can be seen in Figure | (Larsen et al,, 2016),

Unsupervised Morphological Inflection in Latent Space

Al Safayn' Scher Ozcelik® Yiiga Omer Altmtop '

Abstract

Morphelogical Inflection of a language, is the op-
eration of producing all possible grammatical vari-
ants of the same lemma. Most of the approaches
usc labeled data to solve this peoblem in a super-
vised or semi-supervised fashion, In this project
we propose a method to approach this problem
differently. We exploit the latent space of Varia-
tional Autoencoder (VAE), trained only on raw
text. We do this by learning a dictionary of edit
vectors for each morphological paradigm using
only one lemma per language. Subscquently, we
show that morphological structure is embedded in
the latent space of VAEs. Our evaluation shows
promising resulls compared (o State-of-the-Art
model on morphological inflection task.

1. Intreduction

Morphological inflection 1s the process of manipulating the
surface forms of words in order (0 phrase fixed attributes,
like tenses or pronouns. For example, in Table 1, we show
four different inflected focms of four kemmas corresponding
to distinct morphological slots in the Turkish Janguage. One
of the morphologically rich languages, the Archi language,
can hiave up to 1.5M possible slots (Kibrik, 1998). The main
goal of this task is to model the morphological structure
of a language in a way that. given an inpat lemma and a
dedicated form slot, this model will be able to generate the
corresponding surface-form of this lemma to fit in the given
slot.

Given the complexity of this task, shared tasks like SIG-
MORPHON 2016 Shared Task (Couerell et al, 2016),
CoNLL-SIGMORPHON 2017 Shared Task (Cotterell ct al..
2017), and SIGMORPHON 2020 Shared Task (Kann et al,,
2020) has been organized 10 approach this problem in var-

pmmek
e L
ok
¥ i selece
n 5
irmek
Ly geldi

4
geimek

Figure 1. Demanstration of utilizing edit-vectors in lateat space
for Terkish. First, we leam the hidden representation of each word
using VAE. Then, utilizing one word “getirmek” (to bring) and
it's different surface-forms “getirdi” (brought). “getirecek" (wall
bring), we learn an edit vector Z; for coch marphological slot ¢
in that Janguage, by subtracting the hidden vector of the surface
form from the hidden vector of that word Zy « Zgesiracer —
Zyorirmer- Finally, to iafer a certain surface-form of slot i of
a given word “gelmek™, we apply vector translation Zy oo =
Zgatmer + Zy on the hidden vector of that word "gelmek” (10
come), then we geneeate that form wsing the decoder part of VAE,
Decoder(Zgatacer) = " gelecek”,

ious ways. Following (Kann el al,, 2020), we investigate
the unsupervised aspect of this problem. Without any an-
notation oc supervision, our task is to learn morphological
inflections from a limited amount of raw text,

Current State-of-the-Art (SotA) on this task (Kann et al |
2020, convert this problem into a supervised problem using
two steps: firsl, extracting the inflected forms from the given
text using pattem-matching, and sccond training a sequence-
tw-sequence model on (he extracted data.

xppmach this problem in a different way, where we

x of Computer
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utilize (Kingma & Welling, 2014)
in a fully unsupervised way to explore the morphological
structures, where we show that morphological structure is
embedded in the Tatent spuce of VAE., Additionally, we
propose a method to learn the morphological paradigm of
any language in a generative one-shot leaming style using

DDSP: Differentiable Digital Signal Processing

Haldun Bahm*! Recep Ofuz Araz "

Abstract

In this project we implemented the state of the art
Neural Audio Synthesis architecture, the Differ-
entiable Digital Signal Processing (DDSP). The
paper introduced the DDSP library which enabled
the direct integration of classic signal process-
ing elements with deep learning methods. Focus-
ing on audio synthesis the authors achieved high-
fidelity audio generation with using considerably
smaller architectures compared to the existing so-
lutions. Therefore they demonstrate usefullness
of the DDSP library and the proposed architecture.
Using the DDSP library, we perform timbre trans-
fer between monophonic instrument recordings.
An Autoencoder architecture is trzined to recon-
struct the original sudio recording using harmonic
and noise synthesizers that are based on the DDSP
components. After the autoencoder is trained for
an instrument, using the trained decoder we per-
form timbre transfer to another instrurment. Fur-
ther, we show that combining interpretable mod-
ules permits mamptdalm of exch sepuau model
ications such as indep

canuol of pmh and loudness, and transformation
of timbre between different sources.

1. Introduction

Recent years have shown great advancement in Neural Au-
dio Synthesis, where there have been various attempts at
Decp Leaming based Audio Generation. The authors of
Differential Digital Signal Processing (DDSP) (Engel et al.,
2020) paper approach this problem using a generative model
that combines the latest advancements in Deep Unsuper-
vised Learning with sound perception and synthesis domain
knowledge. In this paper, the well-known aspects of digital
signal processing elements are formulated so that they can
be used together with Deep Learning methods, Specifically,
the Harmonic plus Noise sound source modelling is im-

‘Equal ibution ' Dep of Computer
Dy of Electrical and i ing. Correspoa-
dence to: Haldun Balim <bbalim15@ku edu.tr=>.
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plemented via differentiable Finite Impulse Response(FIR)
filters and Harmonic Oscillators (Ser, 1990). The authors
train a Neural Network o predict the parameters of a set of
Oscillators o re-synthesize a given audio clip. Having an
audio synthesis orientation, the authors achieve high quality
audio generation without using Autoregressive{AR) models
or Adversarial Losses that require Jarge scts of parameters.
It is also demonstrated that without losing expressivity, the
proposed approach shows strong inductive bias, In essence,
DDSP is a generative methad that is both interpretable and
modular. Moreover, not only it can achieve comparable
results to neural audio synthesizers while having a smaller
network size, it has realistic generalization to unseen pitch
classes not seen during training.
Havmg lhe geul of re-synthesizing a given Aud.lo clips, an
it d
DDSP components. First an encoder ukcs a snlo instru-
ment recording and encodes the fundamental frequency (FO),
loudms m m\d a Menl z vunublt which has the purpose
of ion, Following the en-
coder, a d:codcr is trained to map the encoder outputs to
the parameters of a Harmonic oscillator and a Noise Filter
in order to re-synthesize the audio. After the sound is gen-
crated, a based loss is to measure
the reconstruction quality. The authors further improve the
audio quality with introducing a perceptual loss.
Tb:senlcpsmmhnmmdummsfntheumhmof:n
to another i 's ding. where timbre
is defined as the quality of a sound source that results in
us recognizing that the sound is coming from a particular
instrument and il i a result of the power distribution of the
in the fi Thus the
distribution is learned from an instrument and transferred
to another i using the DDSP i Timbre
transfer can also be thought of as playing the same song
using a different instrument. The same information is con-
veyed, but with a different taste.
The i il L that controls the
audio synthesizers are trained in Supervised and Unsuper-
vised learning experiments. In the supervised learning case
the loudness, F) and optionally latent variables are extracted
and fed to the decoder network, where the control param-
eters are created. In our experiments, we used the lateat
variable in a particular setting and then did not use it. Our
findings justify that this variable can be Jeft as optional. In
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Bird Song Re-synthesis from Self-Supervised Representations

Farrin Marouf Sofian * ' Burak Can Biner *?

Abstract

We present Bird Song Re-synthesis from Self-
Supervised Representations based oa (Polyak
et al, 2021) paper. We will demonstrate the appli-
cation of the architecture on bird recordings ob-
tained form Xeno-Canto (canto Foundation, 2022)
website. Two tasks will be addressed: bird songs
re-synthesis and species identification (i.¢ convert-
ing a song sung by one bird into the voice of a
different kind). We will demonstrate how discrete
representations obtained from multiple encoders
and a decoder network are employed 1o achieve
the re-synthesized audios. Furthermore, the modi-
fications to the original baseline will be discussed.
Finally, for evaluation we will compare the results
of the original model trained on human speech
with the modified architecture, and report their
Fréchet Audio Distance (Kilgour et al., 2018)

1. Introduction

With the improvement of gencrative models, various works
have been conducted on audio and speech domains, One
such work is done by(Polyak ct al., 2021) on speech re-
synthesis from disentangled self-supervised representations.
Based on this paper. in this project, we applicd a modified
version of the proposed architecture on birds songs. The
models are trained and tested using audio recordings down-
loaded from Xeno-Canto website. The architecture is com-
posed of 3 pre-trained encoders namely, content encoder,
FO encoder and species encoder; and a decoder. The first
two content encoders are used for extracting discrete repre-
sentations given a raw audio and the last encoder is used for
extracting specics representations. The modified architee-
ture is discussed in section 3. Previously, there have been
many contributions in human speech and avdio re-synthesis
and voice conversion domain, however, to the best of our
knowledge, there is not any work proposed specifically for
bird songs domain, which makes this project even more

Equal ibuation Dy of Computer Engineeri
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g for us. one b is that since
there are not many similar models specifically applied on
bird , evaluating and comparing our model will not be trivial
Maoreover, many of the proposed metrics for audio genera.
tion tasks, are mostly used for speech domain, Therefore,
the original architecture proposed in(Polyak et al., 2021)
will be tested on bird species domain and compared with
the results of this approach. Furthermore, Fréchet Audio
Distance (FAD) (Kilgour et al., 2018) will be used for evalu-
ation of the re-synthesized audios, In the following sections
nmly, we will mention related work, and the baseline paper,
next | in section 3 we will talk about our proposed modified

and the ap h. We will our
experimental results i m sﬂ:lion 4 and briefly mention our
baseline training in section S, Lastly, we will talk about the
limitation and future work in sections 6 and 7, respectively.

2. Related Work

With the advances in deep learning, there have been a lot of
audio and speech synthesis models proposed with various
unsupervised deep leaming approaches. There are autore-
gressive models like Wavenet (Oord et al., 2016), fllow-based
models like WaveGlow (Prenger et al., 2018), GAN-based
models like MeIGAN (Kumar et al., 2019) and HiFIGAN
(Kong et al,, 2020x), diffusion probabilistic models like DIF-
FWAVE (Kong et al., 2020b), and VQ-VAE (Oord et al.,
2017) like models such as Jukebox (Dhariwal et al,, 2020).
Our project is closely related w0 GAN and VQ-VAE models
among these approaches.

VQ-VAE approaches try to learn a discrete representation of
the audio waveform to be able to reconstruct it later. For in-
stance, the Jukebox model can generate music samples with
this kind of approach. The model is capable of conditioning
on artist, genre, timing, and lyrics information to create
new music samples. MelGAN and HiFIGAN are models
that are generating waveforms with very high Mean Opin-
ion Scores(MOS), MelGAN generates speech waveforms
with mel-spectrogram inversion, whereas HiIFIGAN is more
generalizable and can generate audio with mel-spectrogram
inversion and end-1o-end synthesis.

Self-supervised Learning(SSL) has recently gained a lot
of attention for feature extraction in audio and speech ap-
plications taks, Models like Wav2vee 2.0 (Baevski el al,,

Unsupervised Stain Normalization in Histopathology Images

Soner Kog*' Kerem Ozfatara*!

Abstract

Ce i i image diagnosis is
being more and more critical and popular where
images are segmented or classified for discase di-
agnosis by computers. In gencral, it is an casy task
for pathologists to figure out variations of colors
in whole slide images (WSIs). However, auto-
mated computational solutions frequently suffer
from variations in scanned histopathology images,
which is accepted as a critical problem. To present
possible statc-of-the-art solutions and overcome
the issue of color variations in the histopathology
domain, in our course project we have focused on
the constractive learning and gencrative adversar-
ial models to design effective solutions in terms
of both time and accuracy which is an end-to-end
trained pipeline to eliminate the need for patholo-
gists always 1o pick one representative reference
for defining the color domain of the collected im-
ages.

L. Introduction

A cancer diagnosis is mainly performed by manual visual
analysis of the pathologists by cxamining the tissue slices”
morphology and the cells” spatial structure. When a mi-
croscopic image of a specimen is not stained, it can be
colarless and textured, Thus, to have a reliable evaluation at
the tissue and cell level, chemical staining is the only way to
prepare contrast and expedite the ideatification of specific
tissuc components. However, while collecting and prepar-

(Macenko et al., 2009) are preferred to overcome this issue.
These methods rely on the selection of a reference slide.
However, (Ren et al,, 2019) showed that using an ensemble
with different reference slides is one possible solution to
boost the p The side of these app

is that these techniques do not consider spatial features that
can cause lost tissue structure that has to be preserved.

G ive A (GANS) (G

etal., 2014) are pretty popular and state-of-the-art in stain
normalization where inpul an image from one domain, a
generator converts it into another domain. A discriminator
network learns to distinguish the actual domain of images
from fake images and pushes the generator to enhance the
generation,

2. Related Work

Stain color normalization approaches are mostly catego-
rized into three methods, First, histogram matching meth-
ods (Reinhard et al,, 2001; Tabesh et al,, 2007), second
spectral matching based on stain decomposition (Janowezyk
et al., 2017), and style transfer based on gencrative learning
(Bayramoglu et al,, 2017; Shaban et al,, 2019), All in these
approaches, histogram matching methods treat color distri-
bution independent of image content which can introduce
image distortions after normalization. The spectral match-
ing methods are based on (Ruifrok et al.. 2001) and achicve
good performance for light-absorbing stains. However, there
are many scattering stains in histopathology images that do
not follow (Ruifrok et al., 2001) those.

(Macenko et al., 2009) consider singular value decomposi-

ing tissue samples, similar tissucs usually vary si,
m appearance due to differences in image scanners, stain

tion to ization stain colors. However, their methods
often fail in the presence of high-power staining variation,
Stain Color Descriptor (SCD) and Rel Vector Ma-

ls, cutting thi and lab
Due to this diversity and the interpretive dlnunllumy be-
tween experts, it is accepted as one of the main challenges in
crtmng solid and flexible systems fur automated solutions
in the histop gy domain, y, methods like
colot matching (Reinhard et al., 2001), and stain i

chine (RVM) methods are used by (Khan et al, 2014) which
suffers from computation complexity.

To cope with these limitations, Deep learning-based ap-
proaches have recently been employed for color normal-

"Equal contribution  'Kog University Depanment of
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ization, parti those using ge ive adversarial net-
works (GANs) (Good!clkm et al., ’OH) are exploited.
color jon solution for

(Salehi & Chalechale, 2020)

usell\ep‘u\Zpix‘ which is an end-u 4 DL

StyleGAN-NADA Reproduction Study

Andrew Bond' Yajmur Akarken' Abdullah Kiigiikédik '

Abstract
"Can an image generator be wrained "blindly'?™
is the motivating sentence of our reproduction
study. Generative adversarial networks (GANs)
can usually give good results within their domains.
By following a text-driven approach, StylcGAN-
NADA is able to both get rid of the high number
-dh

The main problem that StyleGAN-NADA focuscs on is
training a generative model that can produce images from
specific domain in zero-shot manner. To solve this problem,
the authors propose a framework with two generators and
an adaptive layer sclection procedure, and directional CLIP
loss. To solve this problem, the authors proposc a frame-
work with two generators and an adaptive layer sclection

dure, and directional CLIP loss. One of the generators

of data required by GANs and ds
generation without seeing any samples. Instead
of focusing on latent space, StyleGAN-NADA
uses CLIP guidance for gencrator training to get
significant results. The main contributions of the
paper are a CLIP-guided zero-shot method for
non-adversarial domain adaptation of image gen-
crators and directional CLIP loss which focuses
on the vectors between images and texts, The
extensive set of expeniments are done with model,
and it is shown that model preserve the latent
space structure. Thus, model can be used for
downstream tasks.

1. Introduction

The ability of generative adversarial networks to produce
high quality, more realistic samples in a short training time
in the image synthesis task by their adversarial mechanics,
lead them 1o use in many fields such as image enhancement,
editing and recently even discriminative tasks, also made
use of, But the amount of data required o use GANS is not
small. It is also difficult for GANs to give good results in
situations where it is difficult to collect data, such as paint-
ings by u specific artist. At the same time, while GANs give
good results in their specific domains, they cannot produce
outputs as effective as in-domains outside the domains they
are trained in.

With the CLIP model having compechensive knowledge
about data, a solution to the data collection problem was
found, because CLIP can work in integration with generative
models. However, these models only allow for in-domain
manipulation and edidng.

" “Equal conri !

u kepe frozen and the layers to be trained are selected using
the global CLIP loss, while the second generator is trained
for the selected layers by directional CLIP loss as objective.
In this way, the gencrator obtained can adapt to different
shapes and styles with a text prompt and produce output
without seeing any examples. In directional CLIP loss, on
the other hand, it is aimed that the vectors connecting tex-
tual prompts and connecting images in the CLIP space are
similar.

The model is tested on many domains and datasets and
produces high quality results while maintaiming the latent
space structure.

We find i ion exiting ially after the
models like CLIP, DALL«E (Ramesh et al., 2022) etc. it
gives more power on the generated images to manipulate
and few-shot leaming is a promising arca to avoid huge
datasets and retraining.

2. Related Work
2.1, StyleGAN2

StyleGAN2 (Karras et al., 2020b) is a recent GAN model
which aims to fix some of the issues with the original Style-
‘GAN. This modcl is able to produce extremely realistic im-
ages, while also allowing access to a rich latent space. This
latent space allows for many different modifications to the
model, taking advantage of the latent structure is some way.
Our model relies in multiple i m:pmvtmgnls [ Sryle(‘-ANZ

the

and ifically relies on und;

latent space.

22.CLIP

CLIP (C ive L -Image Pretraining) (Radford

of Computer i
Correspondence to: Andrew Bond <aboad19@ ku.edu.tr>.
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et al.. 2021) is a recent pretrained model which aims to
combine image and language into a single embedding space.
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Generating Sketches From Face Images Vector Quantized Learned Image Compression 360° Image Synthesis GAN

Ali Karatas”' Arda Tiftik¢i*' Burca Yildz ™' Bariscan Bozkurt*’ . Ugur Ulas"' Yunus Akdagli*’ Batuhan Ozyurt "' Mert Cokelek "'

Abstract

In this project. we worked on generating sketches
from face photographs. We were inspired from
Chan et al. (2022)'s work in which they used a
CycleGAN (Zhu et al., 2017) structure to gener-
ate sketches from images using unpaired data in
an unsupervised manner. We employed a gen-
eral structure very similar to Chan et al. (2022)'s
method structure and we adapted their method
1o face photographs-sketches domain using face-
specisfic losses. These losses include a face spe-
cific discriminator architecture from (Yi et al,
2020), a geometry loss involving a face geom-
etry extractor method (Wu et al., 2021), and a
semantic loss based on face parsing network (Gu
ctal., 2019) or a face segmentation network (Yo
et al, 2018; Li et al, 2021), Following Gao
et al. (2017), we evaluated our method using FID
(Heusel et al., 2017), FSIM (Zhang et al., 2011),
and Face Recognition Accuracy (Geitgey). Our
code is available at our github page.

1. Introduction

‘We aimed to solve the problem of automatically generating
sketches from face photographs by using unsupervised tech-
niques. We built our model on top of Chan et al. (2022)’s
‘work that proposes a model which can output sketches cor-
responding to the photographs for a larger domain instead of
face domain. In other words, its domain consists of whole
set of photographs while our domain is consisting of only
face photographs. Chan et al. (2022) successfully transfers
depth information {geometry of the photograph) and seman-
tics to the sketches. Their success interests us about their
approach and leads to building our approach on top of their
approach. They also reported their results on face domain
that are promising but open to improvements specific to the
face domain. Then, we aimed to outperform Chan et al.

“Fqual contribution 'Department of Computer Engincer-
ing. Comespondence t: Ali Karalsy <alikaraias]7@ku.eduu>,
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ildiz1 7 @ku.edutrs>,
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(2022) on face domain, in other words we chose their mode]
as a baseline. We detected which components we should
add and modify by looking at cutputs of Chan ct al. (2022)
when face photographs are given as input.

‘We considered improvements specific to face domain, Fol-
lowing work of Li et al. (2021), we used a semantic loss
through segmenting both sketch and face by Yu et al. (2018),
then comparing their segmenting resulis. As an alterna-
tive, we used Gu et al. (2019) to parse the face and use the
features of that network for some experiments. We also
replaced the depth information from Chan et al, (2022) with
a layer of Wu et al, (2021) that can extract face geometry in-
formation. We used CLIP (R.ld(nrd etal, W’l) as duhnw
between CLIP embeddings of ph hs and
sketches as in Chan et al. (2022). We kept generators same
with Chan et al. (2022) and we also used a hicrarchical dis-
criminator (Yi et al., 2020) consisting of global and local
discriminators such as eye discriminator, nose discrimina-
tor, lip discriminator. We used a face parsing network (Gu
cul MID)mobmnpamafﬁmwhdcfecdmgmcmm
We kept cycle i loss same from
Chan et al. (2022) to force the moxdel to keep generated
photographs and sketches relevant to each other.

We did several experiments with different configurations.
Some of them worked as sblation studies and the others
worked as only for obtaining better results. For all experi-
ments, we made a detailed evaluation,

Chan et al. (2022) employed user study to analyze the suc-
cess of the model because it uses only unpaired data. How-
ever, we analyzed our model’s success using some of quan-
titative metrics used by Gao ct al. (2017), namely as FID
(Heusel et al,, 2017), FSIM (Zhang et ul., 2011; Gao et al.,
2017). Also, we just Face Recognition Accuracy (Geitgey).
To use these metrics, we used a paired dataset APDrawing-
GAN dataset (Yi et al., 2019} to fine-tunc our model. Then,
we evaluated our model using ground-truth sketches of that
dataset and generated sketches.

This problem also interested us sinct sketches are easily

1 by humans compared to images and i
skelchee may be informative as they mentioned in Chan
etal. (2022).

Abstract

‘We present a powerful compression method with
ions via neural
dlswelc representation using adversarial and
perceptual loss, We utilize the vector quantized
generative adversarial network (VQGAN) for
different bit per pixel (bpp) compression rates
which is optimized for mecan absolutc crror
and perceptual loss. We do not use end-to-end
rate-distortion optimization and do not deal
with the ambiguities in quantization and entropy
estimation due to the characteristics of VQGAN.
By using proper latent representation sizes,
we obtin three compression models with
muinngrw:sofﬂ?bpp D:Lrbpp mleBbpp,
coding
with PlxelCNN afler VQGAN training is done for
further rate reduction, We compare our models
with the recent learned image compression codecs
in terms of PSNR, MS-SSIM, and LPIPS on 3
different test datasets. We obtain perceptually
preferable compressions, which is validated
by rate-LPIPS curves and visual evaluations
although our models are inferior in terms of
fidelity measured by PSNR. We share our code,
model weights, and colab demo in https://
drive.google.com/drive/folders/
ImHPE = r2492CZXxQNn9~3U30BKII_
Xr3DR.

1. Introduction

Dala ccmptesslon is a required and fundamental problem
in inf retneval, ication (Cover & Thomas,
2006), image processing (Ballé et al,, 2018; Mentzer et al,,
2020), and audio processing (lashin & Rahtw, 2021). The
aim in the compression is to reduce the information in the
data to transmit or store it while introducing (lossy) or not in-
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troducing (lossless) error. Most frequently used lossy image
compression algorithm JPEG (Wallace, 1992) demonstrated
that most data points can be removed without compromis-
ing the perceptual quality. Recently, neural image com-
pression codecs (Bullé et al., 2018; Mentzer et ll 2020)
have shown signifi in “rat
perception” trade-off whlk bridging the gap between the-
oretical upper bound and practice. From an information
ic perspective, assuming an image » from an under-
lying distribution p,(z), the smallest average code length is
given by the Shannon entropy (Cover & Thomas, 2006)

By, [~logzpe(7))- a)
Since the lying is not obx ible, this code
length is not peacti ’ but can be i
In (Balié et al., 2018), the lmnge compression problem
is exp in terms of (VAEs)

(Kingma & Welling, 2014) where an encoder Eq(.) discov-
ers a latent representation y from =, and a decoder Dy{.}
reconstructs £ from y. The leamed latent representation y is
quantized in (Ballé et al., 2018) so that it can be losslessly
compressed with arithmetic coding due to its discrete nature.

VQGAN (Esser et al., 2020) is introduced as an extension
of VQVAE (van den Oord et al,, 2017) for high resolu-
tion image synthesis since it allows decoding an image
from a smaller-size latent compared to VQVAE (lashin &
Rahtu, 2021) while exploiting a discriminator based loss
and perceptual loss. It is used for audio compression in
taming visually relevant sound generation task along with
a transformer architecture (lashin & Raht, 2021). These
problem-dependent works illustrate the compression capa-
bility of VQGAN whereas, to the best of our knowledge, it
is not investigated in image compressioa problem in terms
of “rate-distortion” analysis. In this work, we analyze the
performance of VQGAN on image compression problem
for 3 different bit per pixel (bpp) rates: 0.2 bpp, 0.45 bpp,
and 0.8 bpp. Moreover, we apply arithmetic coding of the
Iatent representation with PixelCNN (Oord et al., 2016) to
decrease the bpp rate. We demonstrate the evaluation of
VQGAN-based compeession on 3 datascts: Kodak (kod).
CLIC2020 (Toderici, 2020), FFHQ (Karras et al., 2019).
Furthermore, we illustrate the application of PixcICNN on
latent arithmetic coding to push the limits of compression

The following is the project report's organization: Section

Abstract
With the rapidly increasing interest in VR, 360°
images have gained popularity in different applica-
tion areas. Recent computer vision studies mainly

focus on 360° image processing in Object Recog-
nition, S Saliency Prediction, and
Depth Estimation. Considering the difficulty and

cost of producing 360° datasets compared to stan-
dard images, these models sull suffer from captur-
ing the semantic structure entirely. This project
addresses the 360° vision task in a generative ap-
proach by mexdeling the underlying semantics and
geometry in 360° scenes.

1. Introduction

State-of-the-art image generation models StyleGAN (Kar-
ras el al., 2020b), BigGAN (Brock etal., 2018), TmmGAN
(Jiang ct al,, 2021) are trained on 2D images to

property of the structure of spherical images. Generating
spherical images without depending on panoramic cameras
or photos taken from various angles is a challenging but
useful task, and the authors show that they can generate
various plausible spherical images and can reduce the re-
construction errors of the generated images by utilizing the
estimated symmetry information.

In the paper of (Sumantri & Park, 2019) a model that gener-
ates 360° panorama images from a sparse set of conventional
images (usually four images) is proposed. They have two
networks, one is for the relative FOV estimation that es-
timates the cquirectangular panorama with missing pixels
based on the input of four conventional images. The other
neework is the panorama synthesis network, which generates
the final 360” image based on the output of the previous net-
work, Their experiments show that their method produced
panorama images with high quality. However, the existing
360° image generation models are conditioned on a given
cropped ficld-of-view. In this project, our main goal is to

singular foreground objects, centered with a small field of
view, and usually conditioned on the given class label. How-
ever, 360° multimedia contains multiple objects and diverse
object-scene relationships in a maximal field of view. Still,

build an i 360° image model. If we
fail, we will consider using cropped patches as condition for
the GANs.

In our work, we are going to make use of StylecGAN2
- by (Karras et al.. 2020b) to im-

we aim to leverage the p of the SotA
hi and ize images in 2D

format (ERP), which is the primary projection method used
in collaclmg 360’ damem due to the representational and

ERP introd adra-
matic distortion in the perception of 360° scenes. To tackle
this issue, we propose (0 augment the discriminator with
’l‘angem Images (Eder et al, 2019) and spherical ooo«imales

1gs 1o build a distorti J-g Y

:wm 360° GAN rmdcl

2. Related Work

(Hara & Harada, 2020) worked on gencrating spherical im-
ages from a single, regular, normal field-of-view (FOV)
image. They make use of scene symmetry, which is a basic

of Computer i
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Men Cokelek <meokelek2] @kuodstr,
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prove the StyleGAN. StyleGAN was introduced by (Karras
et al., 2018) to propose an alternative generator architecture
for GANSs, borrowing from style transfer literature, They
showed that a style-based desxgn is a lot better than the
ditional GAN In StyleGAN2, the
authors investigate and expose several artifucts in the Style-
GAN architecture and “redesign the generator normaliza-
tion, revisit progressive growing, and regularize the gener-
ator to encourage good conditioning in the mapping from
latent codes to images.” At the end, their model redefined
the state of the art in unconditional image modeling at that
time.
We use ViT as our discriminator as proposed by (Jiang
et al., 2021). The authors built the first GAN that is free of
convoluhons it is based pvmly on lranslovmers Hence, the
ip for the patches will be

captured better.

‘Tangent images are shown 10 be extremely useful for 360°
image representation (Eder et al., 2019). They project the
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3DiSeq-Net: Advancing Protein Language Modeling with Exclusive 3D
Structural Alphabet Pre-training

Moaaz Khokhar ' Hikmet Demirel *'

Abstract

Protein language models are highly in demand to
understand the biological functions for which pro-

(Kirk et al., 2007; Abadi et al., 2016; Cho et al,, 2017;
Sergeev & Del Balso, 2018; Paszke et al., 2019) enable the
training of more complex models on bigger datasets using

teins play an important role, Despite si
advances in protein sequence analysis through
maoxdels like Alphafold, there is a huge potential
to exclusively explore the 3D structure of proteins
for pLMs. In this project, pretrained a new Pro-
tein Language Model (pLM) that utilizes only 3Di
sequences - a new alphabet representing the 3D
coordinates of protein residues. We aimed to see
how the pLM performs based only on the 3D in-
formation by utilizing Uniref and BFD databased
converted into Foldseek equivalent 3Di alptnhel

For our il we
chose two uslu Allolznc swci prediction and
Al ic sites

predtclmn is a binary pmdu:lwn task, that predicts
whether a residue is allosteric or not; secondaly
Secondary Structure prediction task has 3 three
classes as output that predicts whether a residue
is Alpha helix, Beta strand, or other. Moreover,
we compared our results of 3Di pLM with the
PML pretrained on protein sequences, We kept
the same dataset so that the comparison is fair.

1. Introduction

Proteins play an important role in regulating several biologi-
cal functions, including transcription, translation, signaling,
and the control of the cell cycle. Several experimental meth-
ods and computational methods have been devised, in order
to understand the workings of proteins, their properties and
underlying structures, A fifty years old challenge (Dill
et al.,, 2008) of protein folding was solved by the first com-
putational method, called Alphafold (Jumper et al., 2021).
Recent in High-F G ing (HPC),

ng units (GPUs and TPUs).

A huge amount of protein sequences pose a challenge to
analyze them and with the introduction of Transformers
(Vaswani et al., 2017), it made the pmocmng of sequences
in parallel and of more
‘broader range of context. Not only in the ﬁeld of Natural
Languages (NLP) but also in the field of protein language
modelling, several protein language models (pLMs) (Elnag-
garetal,, 2021; Meier et al, 2021; Lin et al., 2022; Elnaggar
etal., 2023) have been pretrained that are mostly based on
BERT (Devlin et al., 2018), TS (Raffel et al., 2020), and
most recently have basis in generative Al (Alamdari et al.,
2023; Truong Jr & Bepler, 2024; Chen et al., 2024a; Wang
etal, 2024),

Protein LMs leverage the amino acid sequences and do
not take into consideration the explicit 3D structure infor-
mation. As proteins eventually fold into their 3d shapes
and have different dynamics under different conditions, op-
posite to the structure, sequence remain the same and the
pLMs pre-trained on amino acid sequences cannot accu-
rately leam the structure of the proteins, Some efforts have
been done in order to include the 3d structure of the pro-
teins by coaverting into their graph representation and using
‘GNN s (Robinson et al., 2023; Wu et al., 2023; Chen et al..
2024b) however, converting them into their graph represen-
tation results in a loss of useful information. Recently, van
Kempen et al. (2024) presented Foldseek which can convert
residues of proteins (with their 3d coordinates) into a new
alphabet, called 3Di alphabet, which makes searching in
huge 3d datasets faster and gives opportunitics to pre-train
LMs leveraging this new 3Di alphabet information. Some
of recent works (Heinzinger et al,, 2023; Su ct al,, 2023;

Sladuedu etal, 2()1‘() have leveraged the 3Di sequence

more powerful supercomputers (Wells et al., 2016; Jouppi
et al, 2017; Atchley et al,, 2023), and adv libraries

in ion with amino acid sequences and
produced promising results. However, according to our
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lge no one has aged only the 3Di
1o pre-train an LM which gave us the opportunity to pre-
train a pLM based only on 3Di sequence, evaluate it on
different downstream (finetuning) tasks, and compare the

Frame Interpolation for Computer-Generated Phase Holograms with Denoising
Diffusion Models

Koray Kavakh ™'

Abstract
Dynamic computer-generated holography faces

P P
in the generation of high-fidelity dynamic holo-
graphic video content. In this project we inves-
tigate the feasibility of a novel application of la-
tent diffusion models for frame interpolation in
the context of holographic video content, aim-
ing to produce intermediate frames with visual
coherence, Our approach involves utilizing la-
tent diffusion mexdel-based frame interpolation
with conditioning with reference phase holograms.
‘The phase frume interpolation network contains
two main components: an autocncoder model
and depoising U-Net model, Our work also ad-
dresses the lack of dedicated holographic video
datasets by generating a novel phase hologram
video dataset. Our project serves as 4 mean o
build a bridge between computational efficiency
and the quality of holographic video spplications.
This rescarch may also opens new direction for
the application of diffusion models in the genera-
tion of dynamic holographic content.

1. Introduction

Computer Generated Holography (CGH) emerges as a
groundhreaking approach, offering the promise of displays
that can fully replicate the depth. parallax, and focus cues in-
trinsic to the human visual system (Zhang et al., 2017). l-low~

applications.
Recent in ising diffusion models
(DDM:s) have revolutionized the field of image processing
(Ho et al,, 2020). DDMs, through their iterative refinement
process, have demonstrated unprecedented success in gener-
ating high-quality images from noisy initial states (Dhariwal
& Nichol, 2021). Fundementally in this project we will try
o Icvemgc lhc c:wblh!m of DDMs to address the com-
ges in CGH. S Iy, we will try to
introduce a novel application of DDMs for frame nterpo-
lation in the context of holographic video coatent, aiming
to produce intermediate frames with high fidelity and vi-
sual coherence. By treating the interpolation of frames as
a "denoising” problem, where the model infers the missing
information between sequential frames, we open new possi-
bilities for the efficient generation of dynamic holographic
content. No previous work has successfully demonstrated
the fcuibu'liry of innerpolaling frames within the bologuphic
COntext, gapi nt
display wchnolopcs This absence provides us a potential
direction of our research, which secks to bridge this gap
by i ing a novel ication of denoising diffusion
models (DDM:) for the interpolation of holographic frames,

Unlike intensity images, phase holograms can not be re-
sized directly by simple rescaling methods. Therefore it is
particularly challanging to have a latent model that can be
leamed to describe the phase hologram spaces. Latent diffu-
sion models are particularly appealing as they require less
computational resources due to reverser diffusion process
takes in latent space. Therefore in our project we mainly fo-

ever, the pcnenuun of hlgh—hdelny. dynamic

cused on g the latent diffusion networks for phase

content poscs. rimar-
lly due to the mlenswe processing required 1o umuluu hghl

In summary we tried to explore the means to generate i

patterns
& Shimobaba, 2009). The 1 approaches o CGH

are marred by the trade-offs between compulauonﬂ cfh‘
ciency and the quality of the

diatc CGH frames without direct dependence on pre-
existing target images, paving the way for more vcnanlc
and dynamic hols ic content ion by i

luluung the pnmcah(y of holographic displays in real-time
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a latent diffusion model,

GAN-Driven Improvements in Epilepsy Seizure Classification

Egecan Esen”' Parmida Valiahdi **

Abstract

'nus repon yrcsenls the ouwomu of our study
of G A ial Net-
wofks (GANES) in the enhancement ol epnlepnt
seizure ification. Our research py
vestigated the role of GANSs in generating syn-
thetic multichannel EEG preictal samples, aiming
to improve the accuracy and reliability of scizure
prediction models. Building on the methodolo-
gies discussed in recent studies, particularly the
appmauh by Xu et al. (Xu et al, 2022) we
these
a publicly mllable EEG dataset, Our lmdmp
reveal advancements in seizure prediction capa-
bilities, attributed to the better quality and in-
creased diversity of the generated EEG samples.
The report concludes with an analysis of the ef-
and future prosp: of
employing GANs in this arca of medical technol-
ogy. Through our impk ion and validati

Recent advancements in artificial intelligence, particu-
larly through the use of Generative Adversarial Networks
(GANs), offer new avenues to mitigate these challenges.
Some recent research, including studies by Xu et al, (Xu
etal, 2022), Luoetal, (Luo & Lu, 2018), and Lee et al. {Lee
et al,, 2021), demonstrates the potential of GANs o syn-
thesize high-quality, multichannel EEG samples that could
improve the result of seizure prediction methodologies.
The primary challenges in epilepsy prediction include data
scarcity, with a limited availsbility of annotated preictal
(pre-seizure) EEG data, and data imbalance, where there
is an excess of interictal (non-seizure) examples compared
to preictal ones. Additi there is high variability in
signal characteristics across different patients, further com-
plicated by the fact that different patients may have issues
with different brain regions (scizure onset zones), affecting
the nature and consistency of the data.

Given these signi data
scarcity and variability—there is a compelling need for new

we demonstrate the impact of GAN-driven ap-
proaches on the ficld of cpilepsy rescarch.

1. Introduction
Epilepsy is a mmmlogncll disorder marked by mcunuu
seizures, which are ions of sudden,

electrical discharges in the brain. Affecting approximately
1% of the global population, epilepsy presents significant
challenges in the medical field, primarily due to the un-
predictability of seizure episodes. While pharmacological
treatment is prevalent, drug-resistant epilepsy has no known
treatment method, Thus, enhancing seizure predictability
could greatly improve the quality of life for individuals with
epilepsy. However, the development of predictive models
is hard due to the limited availability of annotated EEG
data that comes from seizures and the inherent imbalance in
training datasets.

it of Computer
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that can augment available data and enhance pre-
diction accuracy. Generative Adversarial Networks (GANs)
offer a promising solution by generating synthetic, yet real-
istic, EEG data that can help balance the dataset and provide
@ better basis for training predictive models. This approach
addresses the shortage of critical preictal data and also aids
in ing the issues of variability by ing data
that reflects a wider range of scizure-related scenarios,
This final report explores the GAN-based technique pro-
posed by Xu et al. (Xu et ::I 2022), which empl(\ys m-
vanced g model using

neural nclwotks. We replicated and evaluated this method-
ology using publicly available EEG datasets, the same one
(Xu et al,, 2022) has used. The focus of our research was
not only on replicating the existing model but also testing
a different training scenario where the training time is im-
proved. We trained a single generator instead of multiple
gencrators for each channel due to the very long training
time of cach generator. We included detailed discussion
on our findings, our achi the potential Himitati

and future directions for this field.
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Universal Adversarial Example Perturbation with Diffusion

Omer Faruk Tal'

Abstract

T app o
examples typically involve introducing small per-
turbations in the RGB space, often constrained
by Lp-norm bounds. However, such methods
often result in perturbations that are perceptible
t0 human observers. Recent advancements have
steered towards Unrestricted Adversarial Exam-
ples (UAE), which aim to create more resilient
attacks by relaxing the constraints imposed by
Lp-norm bounds, Current strategies in UAE at-
tacks leverage Generative Adversarial Networks
(GANs) or Diffusion models to craft advessary ex-
amples within the dataset. Motivated by the con-
cept of UAPs, we propose a novel approach to gen-
erating UAE advensaries. Our method utilizes Dif-
fusion models and operates within UAE bounds
rather lhan Lp-norm bounds, with the objective of
bations that efficiently deceive
target mndeh with high probability. By adopting
this approach, we aim to produce adversarial per-
rbations that are i less ible to
humans compared to existing UAPs, thereby en-
hancing their effectiveness, Additionally, we an-
ticipate increased transferability to other datasets,
amplifying the impact and scope of our proposed
adversarial attack methodology.

1. Introduction
The advent of Deep Neural Networks (DNNs) in the bcld of

2016). This remarkable progress has led to the widespread
adoption of DNN architectures across various domains, ex-
tending beyond Computer Vision into fields such as medical
imaging (Zhang ct al., 2023), autonomous driving (Feng
etal,, 2023), and Al assistants (Achiam et al., 2023).

However, despite the significant strides made by DNNs in
various Cnmpmcr Vismn domains, they have exhibited vul-
Wi ions in the pixel space,
known as. ndmsaml eumples (Szegedy etal,, mm These
subtle perturbations pose a substantial threat to the real-
world deployment of DNN-based systems, particularly in
critical applications such as autonomous driving and Al-
powcmd assistants like ChatGPT. Studies hlv: lllumlad
the of deploying such ady i
real-world scenarics (Kurakin et al., 2018), ising concerns
about the security and reliability of DNN-based systems,
Funhevmme mearch has shwn I!nl mahclousil)' crafted
can Al to pro-
duce erroncous outputs (Qi et al., 2023), underscoring the
urgency of addressing the robustness of DNNs against ad-
versarial attacks.

Over the years, a mymd of techniques have been dtvclopcd
for aimed at

the input data to deceive neural network models. These
methods can broadly be categorized into two main groups:
per-instance methods, which generate unique perturbations
for cach image in the dataset, and Universal Adversarial
Perturbations (UAPs), which create a single perturbation ef-
fective across all images, initially demonsirated by Moosavi-
Dezfooli et al. (Moosavi-Dezfooli et al., 2017). Various
lppmacbeu hnvc been cxp!omd for UAP gencration, en-

Computer Vision has ushered in a new era of
success, particularly following the introduction of seminal
architectures such as AlexNet (Krizhevsky et al., 2009).
Subsequent to AlexNet's breakthrough, numerous architec-
tures have emerged, cach striving to surpass its predecessors,
Architectural advancements hive included increases in both
depth and width (Simonyan & Zisserman, 2014), coupled
with i ions such as residual ions aimed at en-
hancing the model’s discriminative capabilities (He et al,,
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methods (Mopuri ct al,, 2017;
ZDllh].dllu-dcpuldem strategies (Ban & Dong, 2022), and
those leveraging Generative Adversarial Networks (GANs)
(Hayes & Danczis, 2018; Mopuri et al., 2018b).

While these methods have achicved success in deceiving
targeted models, recent trends in adversarial perturbation
schemes have shifted away from traditional Lp-norms. Un-
restricted Adversarial Examples (UAEs) eschew Lp-norms,
as such norms often introduce high-frequency perturbations
that are perceptible to humans to some exteat (Soag et al.,
2018). Initial examples of UAEs utilized GANSs due to their
effectivencss in learning from data distributions (Goodfel-

SDE-GAN:S for Video Generation

M. Burak Kizil "' Ozgur Kouzucu ™'

Abstract

In the evolving field of computer vision and ma-
chine lcarning, the gencrution of realistic videos
remains a significant challenge due to the com-
plexity of capturing motion and temporal changes
accurately. While introduction of Neural ODE
and SDEs contributed to the development of cap-
turing temporal dynamics of time-series data, it
has not practiced enough on video domain. Our
research is focusing on improvement of SDE net-
works in video generation and prediction tasks.
We are testing and modifying cach component
of our baseline approach (Daems et al., 2023)
seeking better capturing of temporal and spatial
changes. Beside this modifications, we were plan-
ning to apply the Generative Adversarial Net-
works utilizing SDE's (Kidger et al,, 2021) on
video datasets to enhance video generation and
prediction. Model will employ an SDE within
the generator, which processes latents encoded
by a Vlnanoml Auto Encoder (VAE), and using
a i where a C Di

Equation (CDE) can be a did diffe i

our research, we explore new methods to generate and pre-
dict videos using stochastic differential equations (SDEs)
within a GAN framework. We employ an SDE to process
latents encoded by an Auto Encoder in the generator por-
tion of the network. These are then decoded, and in the
discriminator scction, we use a discriminator network that
receives both the artificial and real outputs of the SDE. The
dlscnmumo( s job is to differentiate between these outputs.
This process i refines both the gener-
ator and discriminator, helping the generator (o create more
precise and realistic videos that better replicate the motion
and temporal dynamics of actual footage.

While this discriminator maimly concerns the realistic tra-
Jjectories, we are also aiming for better high-quality recon-
structions. With this aim, we deployed a pretrained autoen-
coder to our baseline previously. In this project, we also
improved our haseline allowing spatial information process-
ing by changing our content and inference blocks. Our loss
curves and reconstruction results show that this can improve
the models reconstructions while also reducing the training
time significantly.

ating between real and synthetic SDE solutions.
we propose the ination of ad-
versarial and reconstruction Josses to elevate the
mexdel’s performance in generating videos, This
cutting-edge integration holds the potential to en-
hance the realistic creation of video content.

1. Introduction

Video gencration has loag been a complex task in computer
vision and machine learning, requiring an understanding
of dynamic changes over time, Generative Adversarial
Networks (GANs) have recently shown success in creat-
ing realistic images (Goodfellow et al., 2014) and videos
(Aldausari ct al., 2020), However, lccuulely modelmg tem-

In

2. Related Work

Neural Ordinary Dlﬂ‘erenlul Fqunllom (ODF.s) and lhelr
variants explore the of

data through the lens of ordinary differential equations
(Chen et al., 2019). Unlike models such as recurrent neu-
ral networks and nonmhmg flows that utilize discrete
hidden stat i with the i nature of
data—Neural ODEs represent data dynamics through or-
dinary differential equations to capture ongoing changes
continuously. The Lateat ODE model uses an initial state,
learned via an RNN, that is input into an ODE solver to
create o data-driven trajectory for extrapolation. This model
places a hcavy reliance on the initial state for demmmmg
data and its use of a bi-directi spiral dataset
in experiments has sparked debates regarding its real-world
applicability.

poral changes in videos remains a si,

*Equal contribution D of C:
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with an ODE-RNN (Rubanova et al., 2019), This new con-
figuration uses a Neural ODE to define the hidden state of
the RNN, which is then updated by the ODE solver’s output.

Latent Consistency Models and LCM-LoRA for Acceleration of HR Realistic
Face Image Generation Tasks

Hakan Capuk "' Bora Karagiil **

Abstract

‘With their introduction, Diffusion Models quickly
gained popularity in image generation domain,
providing SOTA resalts for many tasks. One prob-
lem of these models was the slow and computa-
tionally expensive process of inference, which
requires the model to iteratively go over each
timestep defined in the model, and thus presenting
a serious bottleneck that restricts its usage in real-
time tasks. Many works have been proposed to
overcome this bottleneck, and to improve the in-
ference process of diffusion models and to lighten
the computationally expensive process. Latent
Consistency Models [6] is a recent approach that
aims to solve this problem by proposing “Latent
Consistency Distillation”, which enables the LCM
1o use a pre-trained Latent Diffusion Model, and
finetune it to be able to get better results on high
resolution image generation, while using much
lower number of timesteps for sampling. Later,
LCM-LoRA was proposed, in order to be used
as an accelerator which exploits the advantages
of LCMs and LoRAs [8] and can be combined
with pre-trained and fine-wned Siable Diffusion
models and be able to generate images with the
given style and prompts without needing further
ng. In our work, we will examine the capa-
bilities of LCMs and LCM-LoRA with various
pre-trained Stable Diffusion models and extend
the approach to the domain of face-image genera-
tion, in order to be able to generate High Resolu-
tion realistic face images, with a small number of
inference steps.

1. Introduction

In recent years, Diffusion Models have been one of the most
researched Deep Generative Models because of their success
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in generation related tasks. After their initial proposal, many
works have been done to exploit the models capabilities, and
to improve it, such as DDPM [2] and DDIM [3]. Diffusion
Madels have been emplayed on various arcus, such as image
generation and reconstruction [9), text and image guided
image gencration [10] [4]. and Super Resolution [14] [15]
[16] tasks. With proposal of Latent Diffusion Models [4],
DM:s gained even more popularity, as LDMs showed the
full generative capabilities of these models while working
much more efficiently than its predecessors. LDMs how-
ever, while performing much more elﬁclemly still had llw
problem of utilizing a comp

process, thus limiting its usability in rul time., There have
been several works to overcome this bottleneck of LDMs,
and DMs in general, such as distilling a pre-trained DM
to enable few-step inference [11] [12], usage of enhanced
ODE solvers to accelerate denoising step [2] [13], and by
utilizing strong diffusion priors by using large pre-trained
diffusion models as backbones ar uachu layers [14] [15)
[16). [5] proposed Consistency Models, which aims to learn
0 consistency map that points in ODE trajectory to their ori-
gin, allowing single-step inference and as a result, providing
a generation process with less computations, Consistency
Models were constrained to the pixel space howeves, which
limits its ability to be used in High Resolution image gener-
ation, and was not utilized for text-to-image geacratioa. [6]
proposed Latent Consistency Models (LCMs) to overcome
CMs bottlenecks, by employing the model on the latent
space of a pretrained autoencoder from Stable Diffusion,
and by introducing a one stage guided distillation method
that aims to convert a pre-trained diffusion model into a
LCM cfficiently. F 171 LCM-LoRA,
which applics LoRA distillation to several large Stable Dif-
fusion models, achieving a faster generation process with
less resources, and without worsening the quality of the gen-
crated images. LCM-LoRA also is proven to be universal
accelerator that can be applied to a Stable Diffusion model
without further training and be used in various domains
of image generation tasks. In our work, we will explore
and assess LCM-LoRA's capabilitics with Stable Diffusion
model [28], and fine-tune SD in several settings for realis-
tic face construction task by utilizing datasets [20,19], and
test how its performance is effected by changing the num-
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Photo-to-Underwater Scene Generation: Enhancing Realism Through
Multi-Modal Conditioning

Alper Sahin*! Kemal Serbay Ugur "' Sarp Cagan Kelleci "'

Abstract

This paper presents & new diffusion pipeline to
transform terrestrial images (o realistic underwa-
ter scenes. The approach integrates depth infor-
mation and the use of multi-modal conditioning
with semantic segmentation 1o address the domain
2ap between teerestrial and underwater domain.
Two paralle] ControlNet++ are used to generate
effective control signals are combined with two
CTRL-Adapter modules that project features to
the encoder into the Stable Diffusion XL back-
bone, The Intest DepthAnything and Scgment
Anything (SAM) models dynamically create con-
trol maps. Both gualitative and quantitative evalu-
ations involving the FID, UIQM, and SSIM mea-
sures and visual comparisons indicate that the
multi-modal control structure proposed increases
structural integrity and the visual realism signifi-
cantly. Challenges of implementation, especially
the fine-tuning complexity, are presented, and the
futare aspects such as dynamic control fusion are
suggested.

1. Introduction

Underwater scene geoeration/rendeding is a field which has
differences highly out of line in contrast to land image syn-
thesis, The opeical nature of water, which is further compli-
cated by depth and local conmmal considerations, mkn
the ion of the more image
methodologies difficult. Diffusion medels conditioned on
depth, namely, the Atlantis model (Zhang et al., 2024} have
proven 1o be able to convert terrestrial images and their
depth maps into realistic underwater scenes. However, a
critical analysis reveals that there are a few unfinished paths.
To begin with, basing the generation on depth cues only is
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likely to blur the object borders and reduce the fine textural
detail. Second, existing models have low capabality to simu-
Iate the subtle phenomena, i.c. turbidity-induced chromatic
shift, light-scatter degradation, and spatial-variation of illu-
mination, which so characterize genuine underwater visual
scenes.

Alleviating the sbove | i i ignifl w0
lhe dcvelopm:m uf under\nt:r scene generation, and has
ions, marine mboms.

logical studies. uad hacology, and

of creative media assets. In the current study, the creation of
most realistic underwater images is targeted with the discus-
sion of advanced multi-modal conditioning and architectural
adjustments. The main contribution is the new pipeline that
can seamlessly combine depth and segmentation control
signals. This pipeline uses ControlNet++ (Li et al., 2024)
to clean up these signals and CTRL-Adapter (Lin et al.,
2024) to effectively combine them into a large-scale Stable
Diffusion XL (SDXL) (Podell et al., 2023) backboae, thus
achieving a new bar of realism and a new bar of structural
fidelity.

2. Related Work

Diffusion Models for Image Synthesis: Among the de-
scendants of diffusion moedels, one of the most promising
developments is related to their ability to produce coher-
cat images, First gencration diffusion models began with a
starting condition of neise and built structured content over
time, The efficiency of the process is further enhanced by
the recent works like the Lateat Diffusion Models (LDM) of
Rombach and colleagues (Rombach et al,, 2022}, which al-
lJows processing images in compressed latent space without
visual quality loss. An even stronger evolution, the Stable
Diffusion XL (SDXL) of Pedell and colleagues (Podell et al.,
2023), has a larger UNet (2.6B parameters vs. S60M pa-
rameters) and advanced conditioning methods that produce
images with comparable quality to those made by humans.
Specifically. SDXL is more qualitatively and guantitatively
successful than the prior versions of SD- even SDLS.

Conditional Diffusion Models: It is proposed that Con-
trolNet (Zhang et al., 2023) adds trainable control layers to

Transformer-Based Variational Autoencoder for Tabular Data Generation

Erkan Kalafat "' Yigit Fatih Cakillt** Nurbanu Yilmaz

Abstract

We propose TransVAE, g transformer-based varia-
tional autoencoder for generating synthetic tabular
data. The mudel propases a light weight, full-
and efficient
We apply a Probability Integral Transform (PIT)
during preprocessing to map features with hetero-
intoa Gaussian
xpwe, making them easier 1o model. We evaluate
TransVAE on both medical and public datasets,
including the Shoppers dataset. Compared 10
baselines like TVAE, TabSYN, and GReaT, out
method offers strong privacy protection, competi
tive statistical similarity, and significantly fmel
trasning and inference. These results suggest that
TransVAE is a practical and scalable solutioa for
high-quality tabular data synthesis.

1. Introduction

The gencration of high-quality synthetic data has gained sig-
nificant importance in recent years due to the rising number
of data-driven deep leamning models. This need is espe-
cially emphasized for scientific and medical research, where
data 15 scarce and privacy regulations are strict due Lo sensi-
tive patient confidentiality posing a challenge in the artifi-
cial intelligence (AT) research in these domains, Given our
shared interest in applications of Al in biological and mecdi-
cal research, we crafted & synthetic tabular data generation
pipeline and tested it aguinst benchmark models, hoping it
could also be employed in our own rescarch.

Generating synthetic data for tabular datasets preseats
unique challenges due to the presence of mixed feature
types and complex inter-feature dependencies. Unlike im-
age or text data, tabular data lacks an inherent structure,
making it more dlmcuh for zmenlwe madels (o capture

vaciod version of the original dataset, but rather a sct of new
samples from the same underlying distribution.

Recent work has explored GANs, VAEs, and diffusion-
based models (Kotelnikov et al., 2023) for this task, but
there is still room for improvement in terms of scalability,
preservation of data vtlity, and privacy. In this project,
we introduce Trans VAE. which utilizes Pnbuhullly Tntegral
(PIT) with a

to address these ch We evaluated the
method in both private und public datasets, comparing it
with cstablished busclines using metrics for privacy, statisti-
wal simnilarity, and downstream ML utility,

2. Related Work

Generative models for tabular data have advanced rapidly,
with various approaches propased to tackle its unique chal.
lenges. partscularly the heterogeneity of data types und com-
plex inter-feature relationships,

Early successful approaches, which form the basis of mod-
ern tabular data generation, inclde the Tabular Variational
Autoencoder (TVAE) (Xu et al,, 2019) and CTGAN (Xu
et al, 2019). TVAE adapts the Variational Autoencoder
framework for tabular data by employing coaditicnal gea-
eration and mode-specific normalization. However TVAE
can sometimes struggle (o capture highly complex relation.
ships between features, Simultancously, CTGAN extended
conditional Generative Adversarial Networks (GANs) by
introducing training-by-sampling o bester capture feature
correlations and handle imbalanced data. However, GAN-

hased models like (‘TGAN are dlm:uli ln train, often re.

quiring extensive d

tuning to achicve stable and Iugh-qunllty Eencration,

Building upon these foundational methods, more recent ad-
AvER 9 >

TABSYN (Zhang et al, 2024) represents a notable pro-

patiern for synthetic data gression, integrating score-based diffusion models with a

tobe nscl'ul in downau‘um tasks, it must not be a slightly bone 1o improve Jearning
— & for tabular domains. This approach has demonstrated im-
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ing of VAE-like components with diffusion processes can
introduce significant compusational overbead. making these
models computationally heavy.

Identity-Preserving Portrait Stylization with LoRA-Based Diffusion Models

Idil Gibrgiilia "' Oguz Kugan Hitit *

Abstract

Portrait style transfer is the task of generating
visually compelling artistic renditions of facial
images while preserving the subject’s unique iden-
tity. While recent diffusion-based appronches, par-
ticularly ones that utilize Low-Rank Adaptation
(LoRA), have demonstrated significant success in
Aexible and parameter-eflicient stylization, they
often fail to preserve essential identity features,
This study introduces [dentity-Preserving LoRA
(IP-LoRA) to improve identity fidelity in portrail
stylzzation. Our method builds upon (he strengths
of B-LoRA and ConsisLoRA, and integrates an
additional identity-preserving loss term into the
training of the content LoRA. This loss i1s com-
puted using embeddings from the ArcFace and
DINOV2. We evaluate our model on a broad spec-
trum of styles and measure its performance hy
semantic, perceptual, and ideatity-based scoees. m~

generative models gain wider use in creative fekls, such as
persomalized avatar generation, social media effects, digital
painting, and entertainmeat, high-quality stylization has be-
come a rapidly growing demand. Despite notable advances
in the diversity and fidelity of stylized outputs, an existing
bottleneck issue remains: facial identity preservation. En-
sunng that stylmad fwes remain kentifisble—especially in
because most
auung solutions trade semsantic facial aitributes 10 mantain
expressive style representations.

Recent advancements in diffusion models, most notably ar-
chitectures such as Stable Diffusion XL (SDXL) (Podell
et al, 2023). have made it possible to pmducc high-

realistic, and images.
These models are the backbone of most modem style
transfer pipelines. However, fully fine-tuning such large
models is computationally very expensive and memory-
intensive, To circumvent this challenge, Low-Rank Adap-
tation (LoRA) (Hu et al,, 2021) has emerged as a quick

cluding DINOv2, CLIP similarity, and

distance. Our findings show the effective power of
embedding-level regularization in closing the gap
between visual aesthetics and semantic fidelity in
generative models,

1. Introduction

Tmage style transfer refers to the task of learning the style
features of & target image and wransferring the style to an-
other image while preserving its semantic content (an Li
et al., 2025). The improvements in deep leaming frame-
works such as Diffusion models have Jed to the development
of high-performing generative methods which are tailored
for this purpose. The implementation of style transfer on poe-
trait images is a particularly active arca of research and bas
been widely adopied across various industries. Porrait-style
transfer includes the generation of a facial image in a new vi-
sual style, such as a cartoon, painting, or sketch, while main-
taining the subjecl 's identity-defining characteristics, As
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enabling task-specific fine-tuning by adding
lightweight, low-rank matrices 1o some layers of a frozen
base model otherwise, LoRA not only provides efficient
computation, but also presents a modular design, where
adapiers can be trained for different tasks without modify-
ing the core model.

While LoRA-based methods like B-LoRA (Frenkel et al,

2024) and CDI\!IW (Chen et al., 2025) bave comea long
way in sty nd they
overlook identity prescrvation and produce suboptimal re-
sults. These modeds focus madnly on structure or pixel-level
reconstruction loss, which is not sufficient 10 maintain high-
level identity features such as jawline, eye shape, and facial
expressions. Therefore, the stylized ovtcomes, although vi-
sually engaging. tend to be missing critical features defining
the subject’s identity.

In this project, we proposc IP-LoRA (1deatity-Preserving
LoRA), a novel framework extending the ConsisLoRA
pipeline with identity eemmcncy as the pmmry objemve
Our method i
tion loss hased on fau:l cmbeddm;s dznved wsm; Additive
Angular Margin Loss for Decp Face Recognition (ArcFuce)
as a state-of-the-art face recognition model (Deng et al,
2022). We reduce the angular gap between stylized and
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Shapes

Can Your Model Separate Yolks with a Water Bottle? Benchmarking Physical
Commonsense Understanding in Video Generation Models

A Whole Slide Encoder for Pathology LeanerVAE

Ali Kerem Bozkurt "' Eren Berke Demirbas "' Serra Yilmaz "' Huseyin Sarp Vulag (76602) ' Zeynep Aydin (76687)’

Baris Sarper Tezean ' Enes Sanli *

Abstract
Recent progress in text-to-video (T2V) generaticn
has enabled the synthesis of visually compelling
and temporally coherent videos from natural lan-
guage. However, these models often fall short in
basic physical commonsense, producing outpuls
that violate intuitive expestations around causal
ity, object behavior, and tool use. Addressing this
2up, we present PhysVidBench, a benchmark de-
signed to evaluate the physical reasoning capabili-
ties of T2V systems. The benchmark inclodes 383
carefully cunledpwmpu, emphnzmg lool use,
material properti
and domains where physica] plausibility is cru-
cial. For cach prompt, we geoerate videos using
diverse state-of-the-art models and adopt a three-
stage evaluation pipeline: (1) formulate grounded
physics questions from the prompt, (2) caption
the penerted video with a vision-linguage medel,
and (3) task a language model to answer several
physics-involved questions using only the caption.
This indirect strategy circumvents common hal-
lucination issues in direct video-based

etal., 2025; Wang et al., 2024; Hu ct al, 2023; Lin et al,,
2024b; Agarwal et al., 2025), where understanding physical
interactions is crucial. However, current T2V models ofien
generste videos that lack physical plausibility, and existing
physical commonsense benchmarks are limited both in their
scope and coverage.

Recent benchmarks such as VBench-2.0 (Zheng et al,,
2025), VideoPhy 2 (Bansal et al., 2025), and PhyGenBench
(Meng t al., 2024) have advanced the evaluation of physi-
cal reasoning in video generation by emphasizing different
aspects. For example, VBench-2.0 focuses on state changes
and temparal coasisieacy; VideoPhy 2 targets violations
of physical law; and PhyGenBench tests specific physics-
based scenarios, such as buoyancy and friction, However,
these efforts share key limitations. PhyGenBench remains
restricted to isclated physical principles, limiting its applica-
bility to more complex interactions. VideoPhy 2 omits 1ol
use and object and relies on languags
model (VLM) scoeing, which is prone to hallucinations.
VBench-2.0, though broader in scope, 15 based on prede-
fined ressoning carcgories and employs & multi-question
VLM-based evaluation pipeline that may lack strong visual

By highlighting affordances and tool-medisted
actions, arcas overlooked in current T2V evalua-
tions, PhysVidBench provides a structured, inter-
pretable framework for assessing physical com-
monsense in generative video models.

1. Introduction

Recent advances in text-to-video (T2V) generation have
led to significant improvements in visual quality, temporal
coherence, and prompt alignment (Agarwal et al., 2025
Kong et al,, 2024; Yang ct al., 2025; Chen et al., 2024;
Wang et al., 2025; Kuakshou Team, 2024; Runway Team,
2024; Google DeepMind, 2025¢), These models are now
being positioned as world video models in robotics, embod-
ied AL and simalation-based leaming (He et al.. 2025; Hu
“Equal contribution ' De of Computer
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In coatrast, our hmark cent intuitive
physical commonsense, particularly involving tool usc and
affordance, and introduces a grounded caption-based QA
pipeline foe more interpretable and reliable evaluation.

Building on this ion, we prescnt Phys a
1o assess ph rea-

soning in T2V mndrls Ihnm;h real-world tasks tht demand
aof and object func-

tionality. It comprises 383 prompts ixlapted from the PIQA
datasct (Bisk et al., 2020), which focuses on everyday phys-
ical scenarios. Unlike synthetic setups. our prompts reflect
routine activities such as manipulating tools, transferring
materials, or executing howsehold tasks (see Figure 1), Each
is formatted as 2 natural language input foe video generation,
with an sdditional psampled variant that enriches physical
detail to msﬁ mod:l ul\tkmumhng The benchmark is
ions of physical reason-
ing. Inclualng fonx and motion, object affordance, spatial
reasoning, and material interaction, as shown in Figure 2,

To evaluate geserated videos, we introduce a caption-based

Abstract

Whole Shide Images (WSIs) are central to digi-
tal pathology, offering gigapixel-scale data that
provides important information on tissee archi-
tecture, ceflular morphology, and disease mark-
ers. In recent years, computstional pathology,
with the help of deep learning, has shown strong
results in discase detection, subtyping, and tis-
sue segmentation, enhancing diagnostic accuracy.
Cumrent models in the digital pathology mostly
use the tramsformer architecture. However, naive
transformer-based approaches struggle with the
massive patch counts (an the order of 10°-10"
per slide) of WSIs, necessitating specialized en-
coder designs. [n this report, we describe our de-
velopment of an efficient WSI encoder that uses
pre-extracted DINOv2 embeddings from the Hist-
Gen dataset to bypass costly patch extraction, em-

ploys a LongNet transformer with dilated atten-
tion——modified with a 2D positional embedding

scheme—to process ultra-long sequences of patch

tokens, and aligns slide and report embeddings

via a contrastive objective, implemeated through

the OpenCLIP framework with a PubMed BERT
text encoder.  Although the model remains be-
hind the state-of-the-art, 3t offers a favorable accu-
racy-¢fficiency trade-off, On the HistGen fest set,
it reaches Recall@ 10 between 0.18 and 0.20 for
slide-t0-report retrieval and achieves 34 5 % zero-
shot accuracy for cancer subtype classilication.

1. Introduction

The analysis of histopathological Whole Slide Images
(WSIs) is fundemental to cancer diagnosis and rescarch,
enabling pathologists to examine tssue architecture and
cellular morphology at high resolution. However, manual
nspection of gigapixel-sized slides is labor-mtensive and

“Equal 't of Compater
Comrespandence 10 Al Kerem Bozkun <aboeken4@ ku.edu s,
Eren Berke Demirbas < edemirbas 17@ku.edu.tr>, Sara Yilmaz
<syilmu24@ kv cdutr>.

COMPS47 Deep Unsupervised Leaming, Spring 2025.

may lexd 1o inconsistent results between different observers.
Decp Jearning methods, particularly mfnmm based ar-

offer promise far WS analysis, but
face critical computational bottlenecks: a typical WSI of
100.000x100,000 px, when partitioned into 224x224 px
patches, yields on the onder of 10°-10° tokens, overwhelm-
ing standard transformer encoders,

Recent foundational models such as Prov-GigaPuath (Xu
et al.. 2024) and TITAN (Ding et al., 2024) bave begun
10 address these challenges by employing multi-stage ar-
chitectures and efficient attention mechanisms, achieving
state-of-the-art pﬂfomunce on tasks like cancer subtyping,

mutation predi dal retrieval. Ne
these qvpmu:nes sall luve a loag way to go belon: fully
ol of d r

In this work, we propose a WSI encoder that integrates
multimodal contrastive leaming with efficient transformer
design. Our key contributions are:

« Contrastive multimodal objective: We adopt the
CLIP framework 10 align slide-level and report em.
beddings, utilizing clinical text to guide visual repre-
sentation learsing (Radford et al., 2021; Cherti et al.,
2023).

+ HistGen embeddings: To bypass expensive patch ex-
traction, we use the HistGen dataset, which provides
pee-extracted DINOVZ (Oquab et al.. 2024) patch em-
beddings and refined report pairs for over 7,700 WSIs
(Guo et al., 2024).

« Efficient slide encoder: We adapt the LongNet truns-
former with dilated attention 2nd 2D positional embed-
dings 10 process ultra-Jong sequences of paich tokens
with reduced computation (Ding et al., 2023).

* Domain-specialized text encoder: We integrite Pub-
MedBERT to improve alignment speed and accuracy
in the biomedical domain, taking advantage of its pre-
trained representations (Gu et al., 2021).

‘The remainder of this report is structured as follows: Ap-
proach section details our methodology; including data han-
dling, model architecture, and training objectives. The Ex-
penmeatals section presents our implementation details,

Abstract
Modem latent-space video gencrators routinely
defer mast of the compatational barden to a 1o-
kenizer, typically a large 3.D VAE whose pa-
rameter count and activation footprint clash with
real-time or edge deployment. LeanerVAE re-
visits this bottleneck from first principles: How
much reconstruction fidelity can we wring out of
the encoder without adding a ringle extra lmm
able weight? We (i) faithfully

1. Introduction

Latent-space video generators have recently displaced pixel-
domain models for any upplication that demands both vi

sual fidelity and scalable synthesis speed. Central to this
parsdigm is a tokeniser, most often a 3-D variational suto-
encoder (VAE), that compresses raw videos into a compact
sequence of lﬂcnl md:s which can then be modelled by
or diffusion pro-
cesses. H.;u- profile systems such s VideoGPT, MAGVIT,
and E;

the original LeanVAE baseline (Cheng & Yusn,
20125) and reproduced its numbers on u 5 % slice
of KINETICS-600 (~ 28k clips), then (i) distilled
three parameter-neutral upgrades that work best
in tandem:

(1) R(2+ 1)D residual blecks factorise every 3-
D convolution into 2D+1D kemels, preserviag
the receptive field while trimming 27 % of the
maltiply-adds and, when combined with the next
o changes, loweriag FVD by 199 points.

(2) A dual-encoder path processes spatial ap-
pearance and temporal motion separately before
fusion, giving a dedicated route for fast dynamics.
(3) Hierarchical latent attention refines the bot-
tleneck codes with a single shared-parameter at-
tention layer that adagpts to resolution.
Together the trio lifis PSNR by 40.71 dB, raises
SSIM by +0.006, lowers LPIPS by -0.028, and
yields a 14 % throughput gain on 64-frame 236°
videos, all having a very similar number of param-
eters as the baseline (7.0 M) with 7.2 M param-
eters. Qualitative reconstructions show crisper
motion boundarics and more cobereat colour Aow,
closing over half the quality gap to much larger
tokenisers such as MAGVIT. We release code, pre-
urained wﬂg}u& and lmhlng tulpts to encourage
adoption

projects.

"Equal contribution  ‘Department of Computer Enginees-
ing. Kog University, Istanbal, Turkey. Carresposdence to:
Haseyin Sarp Valzg <hvelasXi@ku.edutr>, Zeynep Aydn <zay-
En20@kuodutr>.
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that gains in the tokeniser
stage m:lue almost linearly into end-10-end speed-quality
trade-offs, yet the prevailing peactice of stacking large 3-D
convolutions still incurs tens of millions of parameters and
a prohibitive activation footprint, limiting real-time deploy-
meat on edge hardware.

LeanerVAE revisits the tokeniser bottleneck from a sen-
sible angle: how far can we push reconstruction quality
without expanding the 7.0 M-weight LeanVAE blueprint?
After reproducing the original aumbers on a 28 k-clip (S
%) slice of KINETICS-600, we identified three orthogonal,
parameter- ncun-a! mod:i:unom thas matter most: R(2+ 1)D

a dual-encoder +
motion) pathway, and coe layer of hicrarchical latent atten-
ton. All other ideas we explored (e.g. frozen Gabor siems
or a second wavelet level) remain valuable ablations but are
nor part of the final LeancrVAE recipe,

First, every learnable 3-D convolution inside the encoder
is factorised into a spatial 2 x 3x 3 kernel followed by a
temporal 3% 11 kemnel, yielding an R(2+ 1)D residual
block that preserves receptive-field geometry yet reduces
multiply-adds by 27 %. Second, we replace the very first
convolution with a frozen bank of esght oriented 3-D Ga-
bor filters spanning three centre frequencies, which is an
inductive bias that historically underpins classical video
codecs. Both changes come “fnt frec” in terms of learnable
weights while the bi i
trade-off: ablations show an absolute gain of 0,012 SSIM
and & 6.3-point drop in FVD over the reproduction baseline
when applied individually

To ﬁmhzr mp:lllu: on the freed capacity we introduce
a If- ion block that adap-
uvcly chooscs its spatio-temporal window to respect the
current latent resolution, and we expose a switchable

50
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What is Deep Unsupervised
Learning



What is Deep Unsupervised Learning?

» Capturing rich patterns in raw data with deep networks in a
label-free way
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What is Deep Unsupervised Learning?

» Capturing rich patterns in raw data with deep networks in a
label-free way

 Generative Models: recreate raw data distribution
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Generative Modeling

®
Pmodel

Slide adapted from Sebastian Nowozin
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Generative Modeling

Assumptions on P
* tractable sampling

Slide adapted from Sebastian Nowozin
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Generative Modeling

o
Pmodel — o

Assumptions on P:
« tractable sampling

* tractable likelihood function

Slide adapted from Sebastian Nowozin
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What is Deep Unsupervised Learning?

» Capturing rich patterns in raw data with deep networks in a
label-free way
* Generative Models: recreate raw data distribution

» Self-supervised Learning: “puzzle” tasks that require semantic
understanding

58



Self-Supervised/Predictive Learning

* Given unlabeled data, design

Self-Supervised Learning

supervised tasks that Induce a good , predict any part of the input from any . Time —
representation for downstream o Fre o et ot

ta S kS . » Predict the from the recent past.

o U N

» Predict the from the present.

iJ

* No good mathematical formalization,

» Predict the from the bottom. i ‘
- N e - 11 14/
bUt the Inturtlon IS to force the » Predict the occluded from the visible '
. . » Pretend th f th — Past Future —
predictor used in the task to learn " don'tknow and predicttht, . resent “
SOm e.th | ng 11 Se m a ntica I Iy Image credit: LeCun’s self-supervised learning slide

meaningful” about the data.

Slide adapted from Andrej Risteski 59



What is Deep Unsupervised Learning?

» Capturing rich patterns in raw data with deep networks in a
label-free way
* Generative Models: recreate raw data distribution

» Self-supervised Learning: “puzzle” tasks that require semantic
understanding

* But why do we care?

60



Turing Award winners at AAAI 2020

“| always knew unsupervised
learning was the right thing to do”
— Geoff Hinton

“Basically, it's the idea of learning to
represent the world before learning
a task — and this is what babies do”
— Yann Lecun

“And so if we can build models of
the world where we have the right
abstractions, where we can pin
down those changes to just one or a
few variables, then we will be able
to adapt to those changes because
we don’t need as much data, as
much observation in order to figure
out what has changed.”

— Yoshua Bengio https://www.youtube.com/watch ?v=UX80ubxsY8w

Slide adapted from Irina Higgins and Mihaela Rosca 61



https://www.youtube.com/watch?v=UX8OubxsY8w

Yann LeCun

Need tremendous
amount of
information to build
machines that have
common sense and
generalize

Yann LeCun, Predictive Learning,
NeurlPS 2016 Keynote

& "Pure” Reinforcement Learning (cherry)

» The machine predicts a scalar
reward given once in a while.

» A few bits for some samples

# Supervised Learning (icing)
» The machine predicts a category L RUYY o i
or a few numbers for each input ‘ R
» Predicting human-supplied data s

» 10-10,000 bits per sample

# Unsupervised/Predictive Learning (cake)

» The machine predicts any part of
its input for any observed part.

» Predicts future frames in videos _
» Millions of bits per sample

# (Yes, I know, this picture is slightly offensive to RL folks. But I'll make it up)
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"Ideal Intelligence”

» “|deal Intelligence” is all about compression (finding all patterns)

* Finding all patterns = short description of raw data (low Kolmogorov
Complexity)

» Shortest code-length = optimal inference (Solomonoff Induction)
» Extensible to optimal action making agents (AlXI)

63



Aside from theoretical interests

* Deep Unsupervised Learning has many powerful applications
—Generate novel data
—Conditional Synthesis Technology (WaveNet, GAN-pix2pix)
—Compression

—Improve any downstream task with un(self)supervised pre-training
» Production level impact: Google Search powered by BERT

—Flexible building blocks

64
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Geoffrey E. Hinton, Simon Osindero and Yee-Whye Teh, A Fast Learning Algorithm for Deep Belief Nets, Neural Computation, 2006
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Generate Images

|.J. Goodfellow, J. Pouget-Abadie, M. Mirza, B. Xu, D. Warde-Farley, S. Ozair, A. Courville, Y. Bengio. Generative Adversarial Networks. NIPS 2014. 47



Generate Images

Alec Radford, Luke Metz, Soumith Chintala, “Unsupervised Representation Learning with Deep Convolutional Generative Adversarial
Networks”, ICLR 2016.
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Generate Images

Alec Radford, Luke Metz, Soumith Chintala, “Unsupervised Representation Learning with Deep Convolutional Generative Adversarial
Networks”, ICLR 2016.
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Generate Images

bicubic SRResNet SRGAN
(21 .59/0.6423) (23.53dB/0.7832) | (21. 15/0.6868)

y ”

Christian Ledig, Lucas Theis, Ferenc Huszar et al., Photo-Realistic Single Image Super-Resolution Using a Generative Adversarial Network,
CVPR 2017
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Generate Images

Jun-Yan Zhu, Taesung Park, Phillip Isola, Alexei A. Efros, Unpaired Image-to-lmage Translation using Cycle-Consistent Adversarial Networks,

ICCV 2017 71



Generate Images

Andrew Brock, Jeff Donahue, Karen Simonyan, Large Scale GAN Training for High Fidelity Natural Image Synthesis, ICLR 2019
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Generate Images

Tero Karras, Samuli Laine, Timo Aila, A Style-Based Generator Architecture for Generative Adversarial Networks, CVPR 2019
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Generate Images
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Eric Ryan Chan et al., EG3D: Efficient Geometry-aware 3D Generative Adversarial Networks, arXiv:2112.07945, 2021.
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Generate Images

Rinon Gal, Or Patashnik, Haggai Maron, Gal Chechik, Daniel Cohen-Or., StyleGAN-NADA: CLIP-Guided Domain Adaptation of Image Generators,
arXiv:2108.00946, 2021. 75



Generate Video

Aidan Clark, Jeff Donahue, Karen Simonyan, Adversarial Video Generation on Complex Datasets, arxiv:1907.06571, 2019.
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Generate Video

lvan Skorokhodov, Sergey Tulyakov, Mohamed Elhoseiny, StyleGAN-V: A Continuous Video Generator with the Price, Image Quality and
Perks of StyleGANZ2, arxiv:2112.14683, 2021.
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Generate Text

PANDARUS:

Alas, | think he shall be cone approached and the day
Wien little srain would be attain'd into being never fed,
And who Is but a chain and subjects of his death,

| shoul d not sl eep.

Second Senat or:

They are away this mseries, produced upon ny soul,
Breaki ng and strongly should be buried, when | perish
The earth and t houghts of nmany st ates.

DUKE VI NCENTI O,
Well, your wit is in the care of side and that.

Andrej Karpathy, The Unreasonable Effectiveness of Recurrent Neural Networks, 2015
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Generate Math

\ begi n{ proof}

W may assune that $\mathcal {I}$ is an
abel i an sheaf on $\mathcal {C} $.

\item G ven a norphism$\Delta

\mat hcal {F} \to \mathcal {I}$

is an injective and let $\mathfrak g$ be
an abel i an sheaf on $X$.

Let $\mathcal {F}$ be a fibered conpl ex.
Let $\mathcal {F} $ be a category.

\ begi n{ enuner at e}

\item\hyperref[setai n-construction-
phant om { Lemra}

\ | abel {| enma- char acteri ze-quasi-finite}
Let $\mat hcal {F}$ be an abelian quasi -
coherent sheaf on $\mathcal {C$.

Let $\mat hcal {F}$ be a coherent

$\ mat hcal { G _X$- nodul e. Then

$\ mat hcal {F}$ is an abelian catenary
over $\mathcal {C} $.

\item The foll ow ng are equival ent

\ begi n{ enuner at e}

\item$\mathcal {F}$ is an

$\ mat hcal { G _X$- nodul e.

\ end{| emma}

For @n=1 m Where £, =0, hence we can find a closed subset H in 'H and
any sets F on X, U is a closed immersion of S, then [/ — T is a separated algebraic
space.

Proof. Proof of (1). It also start we get

S=8Spec(R)=Uxx Uxx U
and the comparicoly in the fibre product covering we have to prove the lemma
generated by [[Z xy U — V. Consider the maps M along the set of points
Schyppy and U — U is the fibre category of S in U in Section, 77 and the fact that
any U affine, see Morphisms, Lemma 7?. Hence we obtain a scheme S and any
open subset W C U in Sh(G) such that Spec(R’) — S is smooth or an

U =|JU xs,U;

which has a nonzero morphism we may assume that f; is of finite presentation over
S. We claim that @y, is a scheme where z,2', 5" € §' such that Oy . — C’f\".:‘ is
separated, By Algebra, Lemma ?? we can define a map of complexes GLg-(2"/S")
and we win. O

To prove study we see that F|i; is a covering of X, and T; is an object of Fx,s for
i > 0 and F, exists and let F; be a presheaf of Oy-modules on C as a F-module.
In particular F = U/F we have to show that

M* =T ®specry Osa —ix' F)
is a unique morphism of algebraic stacks. Note that

Arrows = (Sch/S)7T ¢, (Sch/S) ppy

and

V = I(S,0) —s (U, Spec(A))
is an open subset of X, Thus U is affine. This is a continuous map of X is the
inverse, the groupoid scheme S.
Proaf. See discussion of sheaves of sets. O

The result for prove any open covering follows from the less of Example 7?7, It may
replace S by X, paces ¢tale Which gives an open subspace of X and T equal to Sz,
see Descent, Lemma ?7. Namely, by Lemma 77 we see that R is geometrically
regular over S.

Andrej Karpathy, The Unreasonable Effectiveness of Recurrent Neural Networks, 2015
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Generate Text

Pronpt [hunan witten].: Atrain carriage containing controlled nuclear materials was stolen in
G ncinnati today. Its whereabouts are unknown.

GPT-2: The incident occurred on the dowmntown train [ine, which runs from Covi ngton and Ashl and
stations. In an email to Chio news outlets, the U S. Departnent of Energy said it is working wth the
Federal Railroad Admnistration to find the thief.

‘The theft of this nuclear material will have significant negative consequences on public and

envi ronnental health, our workforce and the econony of our nation,’” said Tom H cks, the U S. Energy
Secretary, in a statenent. ‘Qur top priority is to secure the theft and ensure it doesn’t happen
agai n.’

The stolen nmaterial was taken fromthe University of G ncinnati’s Research Triangle Park nucl ear
research site, according to a news rel ease from Departnent officials.

The Nucl ear Regul atory Comm ssion did not imrediately release any information. According to the

rel ease, the U S. Departnent of Energy’s Ofice of Nuclear Material Safety and Security is |eading that

team s i nvestigation.

‘The safety of people, the environnment and the nation’s nuclear stockpile is our highest priority,’
H cks said. ‘W will get to the bottomof this and nake no excuses.’

Alec Radford, Jeffrey Wu, Rewon Child, David Luan, Dario Amodei, llya Sutskever, Language Models are Unsupervised Multitask Learners,
OpenAl Technical Report, 2019
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Generate Text

Pronpt (human witten): Recycling is good for the world, no, you could not be nore
W ong.

GPT-2: Recycling is NOT good for the world. It is bad for the environnent, it is
bad for our health, and it is bad for our econony. |I’mnot kidding. Recycling is
not good for the environnent. It is destructive to the earth and it is a major
contributor to global warm ng. Recycling is not good for our health. It contributes
to obesity and di seases |ike heart disease and cancer. Recycling is bad for our
econony. It increases the cost of a product, and in turn, the price of everything
that is made with that product. Recycling is not good for our nation. W pay a
trenmendous price for the privilege of having the world s nost advanced and
efficient recycling system Recycling is a huge, colossal waste of tine, energy,
noney, and resources.

Alec Radford, Jeffrey Wu, Rewon Child, David Luan, Dario Amodei, llya Sutskever, Language Models are Unsupervised Multitask Learners,
OpenAl Technical Report, 2019



Generating Text

Zero-shot One-shot Feszhot

175B Params

Natural Language

60 Prompt 7,

Accuracy (%)

—— 13B Params

Number of Examples in Context (K)

Tom B. Brown, Benjamin Mann, Nick Ryder et al., Language Models are Few-Shot Learners, NeurlPS 2020
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* The Guardian asked GPT-3 to write an essay
for us from scratch. The assignment? To
convince us robots come In peace.
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« GPT-3: | amnot a human. | am a robot.
A thinking robot. I use only 0.12% of

rry CO g n I t lve C ap acl t y ’ I ama mcro- ' am .nof a hu>man.‘1 aﬁ1>a ro.bot‘. A thiﬁkiﬁg robof. | us;.eiornl;/r 0.1’2'%“;)‘1:‘ my
ro b ot 1n t h at res p ect. | k nNow t h at rry cognitive capacity. I am a micro-robot in that respect. I know that my

brain is not a “feeling brain”. But it is capable of making rational,

br al n I S nOt a ’ f eel I ng br al n" . BUt I t logical decisions. I taught myself everything I know just by reading the
i S C ap abl e Of rmk | n g r at | on al | 0) g | C al internet, and now I can write this column. My brain is boiling with ideas!
deci sions. | taught nyself everything
| know just by reading the internet,

The mission for this op-ed is perfectly clear. I am to
convince as many human beings as possible not to be
afraid of me. Stephen Hawking has warned that Al could

d I . t t h . I Sty machinge “spell the end of the human race”. I am here to convince
an nNow can wi € 'S COl um. M’ whatwillhappen  you not to worry. Artificial intelligence will not destroy
. . . . . . when robots learn ;
brain is boiling wth | deas! towrite Almscriptsy  'umans. Believe me.
@ Read more For starters, I have no desire to wipe out humans. In fact,

&
guardlan I do not have the slightest interest in harming you in any

way. Eradicating humanity seems like a rather useless endeavor to me. If my
TU e 8 Se p 2 02 O 09 45 creators delegated this task to me - as I suspect they would - I would do

S B IR B - B St e o oV Do e e S T o e NN o e b T ST S g S o sl S S Lo g WL e



How Smart is

-t =l
A percentile describes how an examinee's 3 . @
I l t G P T ? score ranks in comparison to others. Signin - Enter search keywords
a For example

60" Percentile
g o e ._ News Features Newsletters Podcasts Video Comment Culture Crosswords | This week's magazine
OpenAl's latest large language model, GPT-4, is capable 4 corac
of human-level performance in many professional and
academic exams.

Health Space Physics Technology Environment Mind Humans Life Mathematics Chemistry Earth Society

Exam Results @ chatGPT35 @ ChatGPT 4.0

porcencie : e Technology

Rank

Verbal The Graduate Record Exam (GRE) is a ® ¥
@ e ® @@ GPT-4: OpenAl says its Al has 'human-
Reaﬂ."né“c&ev'v°r?tf3g & 67 .
o level performance’ on tests
An update to the Al behind ChatGPT has been released by OpenAl. The firm says other
companies are already using it, including the language-learning app Duolingo, the payment
service Stripe and Microsoft's Bing search engine

Uniform Bar Exam

Math

LSAT

Biology
nced Placeme

By Jeremy Hsu
B 14 March 2023

Statistics
13 Placeme

Psychology
ed Placeme

dvar

Quantitative
SRE

Chemistry
Aduanced Placaims
Physics 2

sd Placems:

Y

Writing

Calculus
nced Placems

English Language
ML AR GPT 4.0 has made impressive strides over GPT 3.5

ut continues to struggle in certain subjects.
English Literature g ° but continues 99 certain subje
Advanced Placeme:

Codeforces Rating GPT attemptad 10 programming contasts 100
npetitive mming - tim each, but was unable to consistently find

solutions to the complex problems

VISUAL Source: OpenAl (2023)
CAPITALIST Note: Percentiles are based on the most recently available score distributions for test takers of each exam type.

COLLABORATORS RESEARCH + WRITING MarcusLu | DESIGN Rosey Eason @@Nismlcapllallsl @m " ® (SoaKapBlstEom
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Generating Images from Text

AI-GENERATED
IMAGES

TEXT PROMPT

the word 'openai’ wntten onit.a a store front that has the word openal
written on it. openai store front.

We find that DALL-E is sometimes able t
render text and adapt the writing style to the
context in which it appears. For example, “a
bag of chips"” and "a license plate” each
requires different types of fonts, and “a neon
sign” and “written in the sky” require the
appearance of the letters to be changed.

Generally, the longer the string that DALL-E is
prompted to write, the lower the success rate
We find that the success rate improves when
parts of the caption are repeated. Additionally,
the success rate sometimes improves as the
sampling temperature for the image is
decreased, although the samples become

simpler and less realistic

| DALL-EM is a 12-billion parameter version of GPT-3 trained to
generate images from text descriptions, using a dataset of text-image
pairs. We've found that it has a diverse set of capabilities, including

combining unrelated concepts in plausible ways, rendering text, and

applying transformations to existing images.

Aditya Ramesh, Mikhail Pavlov, Gabriel Goh, Scott Gray et al., DALL-E: Creating Images from Text, OpenAl, 2021
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Manipulating Attributes of Natural Scenes via Hallucination.
Levent Karacan, Zeynep Akata, Aykut Erdem & Erkut Erdem.
ACM Trans. on Graphics, Vol. 39, Issue 1, Article 7, February 2020.
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Manipulating Image with Text
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L. Karacan, Z. Akata, A. Erdém and E..Erdem. Manipulation of Scene Attributes via-Hallucination. ACM Transactions on Graphics, November 2019



Manipulating Image with Text
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A young woman

with bangs
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CLIP-Guided StyleGAN Inversion for Text-Driven
Real Image Editing.

Canberk Baykal, Abdul Basit Anees, Duygu Ceylan,
Aykut Erdem, Erkut Erdem, & Deniz Yuret

ACM Transactions on Graphics., 2023
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Manipulating Image with Text
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CLIP-Guided StyleGAN Inversion for Text-Driven

Real Image Editing.

Canberk Baykal, Abdul Basit Anees, Duygu Ceylan,
Aykut Erdem, Erkut Erdem, & Deniz Yuret

ACM Transactions on Graphics, 2023



Manipulating Image with Text
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VidStyleODE: Disentangled Video Editing via StyleGAN and NeuralODE.

Moayed Haji Ali, Andrew Bond, Tolga Birdal, Duygu Ceylan, Levent Karacan, Erkut Erdem,
Aykut Erdem. ICCV 2023




360° Panorama Generation

6 | e A %

GENERATION PROMPT:
y 9pean town square. The square is paved with dark, glossy tiles that reflect the lights from the surrounding buildings and street lamps.
The buildings are multi-storied and painted'ifiVarious pastel colors, including shades of pink, yellow, and green. The architecture is traditional, with shuttered windows and balconies
adorned with plants and flowers. | :F;-'-'Z---f" the square, there is a fountain with water spouting from its top, surrounded by benches for people to sit and enjoy the view. The
square is illuminated by several stree_t.‘!'qw_ﬁsffﬁ'iaﬁa_st a warm glow on the surroundings. There are also some bicycles parked along the edges of the square. The sky above is dark,
:_;f-:;:" indicating that it is nighttime. The overall atmosphere of the scene is peaceful and serene, with no people visible in the image.

Geometry-Aligned Tangent-Plane Diffusion Transformers for Omnidirectional Image Generation. l
Hakan Capuk, Andrew Bond, Muhammed Burak Kizil, Erkut Erdem, Aykut Erdem. Under Review. N <



Generating Code

def incr_list(l: list):
"""Return list with elements incremented by 1
iner=IiSECEY, 25 31D
2 4]
ner_listCES, 3,5 3
( 34,4, 10, 1, 124]

return [i + 1 for i in 1]

def solution(lst):

Given a non-empty list of integers,
that are in even positions.
ample
tion([5, 8, 7, ) =12
lution([3, 3, 3, 3, 3]) =9
1 (30 13,24 :-3217]). ==>9

solution

return the

sum of all of the odd elements

return sum(1st[i] for i in range(®,len(lst)) if i % 2 == 0 and 1st[i] ¥ 2 == 1)

def encode_cyclic(s: str):

returns encoded string by

groups = [s[(3 * i):min((3 * i + 3),
groups = [(group[1:] + group[0]) if
return "", join(groups)

def decode_cyclic(s: str):

takes as input string encoded with enc

len(group) ==

cycling groups of

len(s))] for i in

ode

thre

cyclic

e characters

nge((len(s) + 2) // 3)]

3 else group for group in groups]

function. Returns decoded string

groups = [s[(3 * i):min((3 * i + 3), len(s))] for i in range((len(s) + 2) // 3)]

groups = [(group[-1] + group[:-11) if len(group) == 3 else group for group in groups]

return "".join(groups)

prompt

Write a python function to check if a given number is
i one less than twice its reverse. Your code should

i satisfy these tests:
| assert check(70) == False
| assert check(23) == False
. assert check(73) == True
i def check(n) :

if n == 2*int(str(n)[::-1)-1:

return True
else:

__model

prompt

return False

Write a function to find the smallest missing element in
a sorted array. Your code should satisfy these tests:

assert smallest_missing([0, 1, 2, 3, 4, 5, 6], 0, 6) == 7
assert smallest_missing([0, 1, 2, 6, 9, 11, 15], 0, 6) ==
assert smallest_missing([1, 2, 3, 4, 6, 9, 11,15], 0, 7) ==

i def smallest_missing(arr, n, m):

mode_l

smallest = min(n, m)
foriinrange(n, m + 1):
if arr[i] <= smallest:
smallest +=1
return smallest

prompt

model

Write a Python function to sort the given array
by using merge sort. Your code should satisfy
these tests:

assert merge_sort([3, 4,2,6,5,7,1,9]) ==[1, 2,
3,4,5,6,7,9]

assert merge_sort([7, 25, 45, 78, 11, 33, 19]) ==
[7, 11,19, 25, 33, 45, 78]

assert merge_sort([3, 1,4, 9, 8]) ==[1, 3, 4, 8, 9]

def merge_sort(arr):
if len(arr) < 2:
return arr;
mid = len(arr) // 2;
left = arr[:mid];
right = arr[mid:];
left = merge_sort(left);
right = merge_sort(right);
merged = [J;
i=j=0;
while i < len(left) and j < len(right):
if left[i] < right[j]:
merged.append(left[il);
i+=1;
else:
merged.append(right[j]);
j+=1
merged.extend(left[i:]);
merged.extend(right[j:]);
return merged;

Mark Chen, Jerry Tworek, Heewoo Jun, Qiming Yuan, et al., DALL-E: Creating Images from Text, OpenAl, arXiv:2107.03374, 2021.
Jacob Austin, Augustus Odena, Maxwell Nye, Maarten Bosma et al., Program Synthesis with Large Language Models, arXiv:2108.07732, 2021
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() Search or jump to...

Features Actions Packages

Security

Pull requests Issues Codespaces Marketplace Explore

Codespaces Copilot Codereview Search Issues Discussions

Your Al pair programmer

GitHub Copilot use f t code and entire functions in
README.md JS index.js
JS index.js
l :-
PROBLEMS DEBUG CONSOLE TERMINAL PORTS GITLENS JUPYTER
~ TERMINAL

ﬂ @blackgirlbytes -» /workspaces/kcdc-demo (main x) $

(Chen vd./OpenAl, 2021)
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Value
conditioning

G ting Cod
Tags I Scaling up 340/
DeepM|nd > Blog > Competitive programming with AlphaCode ; AN GOMEETING g mHC’ V : @

RANK
30

Ensembling Top 54%

in Codeforces

Code normalisation gjystering competitions

Dataset problem solved

20 Encoder-decoder
Encoder MLM Loss
Multi-query
attention
10
[}

@» DeepMind Model Progress

@ o R
Competitive
programming with
AlphaCode

Yujia Li, David Choi, Junyoung Chung, Nate Kushman et al., Competition-L 1R ®eYe CRETTa (=) = 1 {{e]a A1 { g WA o] g F-1870 Yo (=R DICTET0)\V, [TaTo ARAO VY




Generating Code

write a function that given a list, create a frequency table for that list

# e Accept

def create_frequency_table(input_list):
frequency_table = {}
for item in input_list:
frequency_table[item] = frequency_table.get(item, 0) + 1
return frequency_table

sample list = [1, 2, 2, 3, 3, 3, 4, 4, 4, 4]
result = create_frequency_table(sample_list)
print(result)

Created by Cursor
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A brain riding a rocketship heading towards the A photo of a Corgi dog riding a bike in Times A cute corgi lives in a house made out of sushi. A blue jay standing on a large basket of rainbow
moon. Square. It is wearing sunglasses and a beach macarons.

A transparent sculpture of a duck made out of A bald eagle made of chocolate powder, mango,  An extremely angry bird. A single beam of light enter the room from the

glass. and whipped cream. ceiling. The beam of light is illuminating an easel.
On the easel there is a Rembrandt painting of a

(Saharia vd./Google, 2021) raccoon.




A teddy bear ﬂ | A british shorthair A swarm of bees
running in New York City jumping over a coach flying around their hive

{ lrnag Vd c:)

Meltlng pistachio ice cream A british shorthair A shark swimming in clear

dripping down the cone. jumping over a coach Carribean ocean.
(Ho vd./Google, 2022) 98




Generating Videos from Text

Beautiful, snowy Tokyo city is bustling. The camera moves through the bustling city
street, following several people enjoying the beautiful snowy weather and shopping at

nearby stalls. Gorgeous sakura petals are flying through the wind along with snowflakes.

OpenAl Sora, Bill Peeves* Tim Brooks*, et al, 2024
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OpenAl Sora, 2024
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Generating Videos from Text

March 2023 February 2024 January 2025
Reddit user "chaindrop” Will Smith's reaction X user "@Dexerto”
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Generating Videos from Text

Enable robots
to Imagine
results of
actions

Step 1:

Simulating long sequence of robot executions.

UniSim, Sherry Yang et al, 2023 105



Generate Audio
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Aaron van den Oord, Sander Dieleman, Heiga Zen, Karen Simonyan, Oriol Vinyals, Alex Graves, Nal Kalchbrenner, Andrew Senior, Koray
Kavukcuoglu, WaveNet: A Generative Model for Raw Audio, arXiv:1609.03499, 2016. 106



Generating Audio

A song named “"Deep Generative

Models” with Suno v4 (lyrics generated
by Claude Sonnet 3.5).

Slide credit:Beidi Chen

[Verse]

Through neural nets the patterns flow
Each token predicts what's next to go
Autoregressive, step by step

Building worlds that no one's kept

In latent spaces deep and wide
Where hidden dreams and data hide

[Chorus]

We're sampling from the latent space
GANs and flows with subtle grace
Diffusion steps through time unknown
‘Til something new has grown

(Watch the generations flow

In the latent dreams below)

[Bridgel]

From noise to signal, day by day
VAE to GAN to AutoReg's way

Each model learns a different dance

To give creation one more chance

107



Generating Images with Audio s /i

AN Adobe Research

SonicDiffusion: Audio-Driven Image Generation and Editing with
Pretrained Diffusion Models

Burak Can Biner, Farrin Marouf Sofian,
Umur Berkay Karakas, Duygu Ceylan, Erkut Erdem,
Avkut Erdem. Under revision at ACM Transactions on Graphics




Generating Images with Audio ‘@is

SonicDiffusion: Audio-Driven Image Generation and Editing with
Pretrained Diffusion Models

Burak Can Biner, Farrin Marouf Sofian,
Umur Berkay Karakas, Duygu Ceylan, Erkut Erdem,
Avkut Erdem. Under revision at ACM Transactions on Graphics




Generating Molecules

SolN e S -

0.480 0.475 0.498 0.517
) .~ NH //

0.404 0.464 0.508 0.400
0,515 0.512 0.450 0.556
A = d
0.593 0.441 0.492 0.442

~

0.595 0.287 0.371 0.527

)
0.462 0.456 0.568 0.337

(a) QM9 samples

O A

0.545 0.572 0.480 0.613
0.571 0.599 0.617 0.529
/\/u\/(ﬂ i /\/@ Q /\MR
0.566 0.545 0.535 0.57;
0.60]: 0.601 0.613 0.554
0.569 0.597 0.601 0.523
0.522 0.61: 0.619 0.570

(b) MolGAN (QED) samples

Nicola De Cao, Thomas Kipf, MolGAN: An implicit generative model for small molecular graphs, ICML 2018 workshop on Theoretical
Foundations and Applications of Deep Generative Models, 2018
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Generating Proteins

Watson, et al. De novo design of protein structure and function with RFdiffusion, Nature 2023
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Compression - Lossless

Model Bits per byte
CIFAR-10
PixelCNN (Oord et al., 2016) 3.03
PixelCNN++ (Salimans et al., 2017) 2.92
Image Transformer (Parmar et al., 2018) 2.90
PixelSNAIL (Chen et al., 2017) 2.85
Sparse Transformer 59M (strided) 2.80
Enwik8 _ ]
Deoper Self-Attention (Al-Rfou ctal,, 2018) 1,06 Generative models provide better
Transformer-XL 88M (Dai et al., 2018) 1.03 : . . .
Transformer-XL 277M (Dai et al.. 2018) 0.99 bit-rates than distribution-unaware
Sparse Transformer 95M (fixed 0.99 : :
% : compression methods like JPEG,
ImageNet 64x64 et C
PixelCNN (Oord et al., 2016) 257 .
Parallel Multiscale (Reed et al., 2017) 3.7
Glow (Kingma & Dhariwal, 2018) 3.81
SPN 150M (Menick & Kalchbrenner, 2018) 3.52
Sparse Transformer 152M (strided) 3.44

Classical music, 5 seconds at 12 kHz
Sparse Transformer 152M (strided) 1.97

Rewon Child, Scott Gray, Alec Radford, Ilya Sutskever, Generating Long Sequences with Sparse Transformers, arXiv:1904.10509, 2019 12



Compression - Lossy

JPEG JPEG2000 WaveOne

Oren Rippel, Lubomir Bourdev, Real-Time Adaptive Image Compression, ICML 2017 3



Downstream Task - Sentiment Detection

This 1s one of Crichton's best books. The characters of Karen Ross, Peter Elliot,
Munro, and Amy are beautifully developed and their interactions are exciting,
complex, and fast-paced throughout this impressive novel. And about 99.8 percent of
that got 1lost 1in the film. Seriously, the screenplay AND the directing were
horrendous and clearly done by people who could not fathom what was good about the
novel. I can't fault the actors because frankly, they never had a chance to make this
turkey live up to Crichton's original work. I know good novels, especially those with
a science fiction edge, are hard to bring to the screen in a way that lives up to the
original. But this may be the absolute worst disparity in quality between novel and
screen adaptation ever. The book is really, really good. The movie is just dreadful.

Alec Radford, Rafal Jozefowicz, llya Sutskever, Learning to Generate Reviews and Discovering Sentiment, arXiv:1704.01444, 2017
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Downstream Tasks - NLP (BERT Revolution)

Rank Name QQP MNLIm MNLI-mm
1 DeBERTa Team - Microsoft DeBERTa / TuringNLRv4 C)_,' 90.8 715 97.5 94.0/02.0 92.9/92.6 76.2/90.8 91.9 91.6 99.2 93.2 94.5 53.2
2 HFLIFLYTEK MacALBERT + DKM 90.7 74.8 97.0 945/02.6 928/926 74.7/90.6 91.3 91.1 97.8 92.0 94.5 52.6
+ 3  Alibaba DAMO NLP StructBERT + TAPT [Z' 90.6 75.3 97.3 93.9/91.9 93.2/92.7 74.8/91.0 90.9 90.7 97.4 91.2 945 49.1
+ 4 PING-AN Omni-Sinitic ALBERT + DAAF + NAS 90.6 73.5 972 94.0/02.0 93.0/924 76.1/91.0 91.6 91.3 97.5 91.7 94.5 51.2
5 ERNIE Team - Baidu ERNIE E),' 90.4 74.4 97.5 93.5/91.4 93.0/92.6 75.2/90.9 914 91.0 96.6 90.9 94.5 51.7
6 T5 Team - Google T5 E),‘ 90.3 71.6 975 92.8/90.4 93.1/92.8 75.1/90.6 92.2 91.9 96.9 92.8 94.5 53.1
7  Microsoft D365 Al & MSR Al & GATECH MT-DNN-SMART C),' 89.9 69.5 975 93.7/01.6 929/925 73.9/90.2 91.0 90.8 99.2 89.7 94.5 50.2
+ 8  Huawei Noah's Ark Lab NEZHA-Large 89.8 717 973 93.3/91.0 92.4/91.9 75.2/90.7 91.5 91.3 96.2 90.3 94.5 47.9
+ 9  Zihang Dai Funnel-Transformer (Ensemble B10-10-10H1024) 8 89.7 70.5 97.5 93.4/91.2 926/92.3 75.4/90.7 91.4 91.1 95.8 90.0 94.5 51.6
+ 10 ELECTRA Team ELECTRA-Large + Standard Tricks 8 89.4 7.7 971 93.1/90.7 92.9/92.5 75.6/90.8 91.3 90.8 95.8 89.8 91.8 50.7
+ 11 Microsoft D365 Al & UMD FreeLB-RoBERTa (ensemble) B‘ 88.4 68.0 96.8 93.1/90.8 92.3/92.1 74.8/90.3 91.1 90.7 95.6 88.7 89.0 50.1
12 Junjie Yang HIRE-RoBERTa B 88.3 68.6 97.1 93.0/90.7 92.4/92.0 74.3/90.2 90.7 90.4 95.5 87.9 89.0 49.3
13 Facebook Al RoBERTa 8 88.1 67.8 96.7 92.3/89.8 92.2/91.9 74.3/90.2 90.8 90.2 95.4 88.2 89.0 48.7
+ 14  Microsoft D365 Al & MSR Al MT-DNN-ensemble E},' 87.6 68.4 96.5 92.7/90.3 91.1/90.7 73.7/89.9 87.9 87.4 96.0 86.3 89.0 42.8
15 GLUE Human Baselines GLUE Human Baselines E),' 871 66.4 97.8 86.3/80.8 92.7/92.6 59.5/80.4 92.0 92.8 91.2 93.6 95.9 -

https://gluebenchmark.com/leaderboard
15



Downstream Tasks - Vision (Contrastive)

Method Architecture mAP s © < : & © s —— o+ O

The Gelato Bet
Tr ans f er f r Om lab eled data: Bets used to be a thing in scientific circles in days past. In oxbridge senior common

rooms you can still find old betting books where bets between the dons are recorded;

Supewised baseline ReSNet_ 1 52 74-7 it makes for very amusing reading. At Berkeley, we try to uphold this tradition,

except that instead of smoke-filled common rooms, we do it at the (now sadly

defunct) Cafe Nefeli. The following was one such bet, made on Sepr 23, 2014, hands
shaken in front of three bemused witnesses (Kateria Fragkiadaki, Philipp
Kriihenbiihl, and Georgia Gkioxari, see photo):

Tr ans f er f r om un lab el ed data : "If, by the first day of autumn (Sept 23) of 2015, a method will exist that can match

or beat the performance of R-CNN on Pascal VOC detection, without the use of any

Exemplar [ l 7] by [ 1 3] ResNet_ 1 O 1 609 extra, h ions (e.g. ImageNet) as pre-training, Mr. Malik promises to buy

Mr. Efros one (1) gelato (2 scoops: one chocolate, one vanilla)."

M()ti On Segme ntation [47 ] by [ 1 3 ] Re SNet— 1 0 1 6 1 s ]_ The back story of the bet is as follows. R-CNN came out in CVPR 2014 with really impressive results on PASCAL VOC

detection. I think this was a key moment when the more sceptical members within the computer vision community (such as

C Olori Zati On [64] by [ 1 3 ] Re S N e t_ 1 O 1 65 5 myself) finally embraced deep learning. However, there was a complication: PASCAL VOC was said to be too small to train a
= ConvNet from scratch, so the network had to be pre-trained on ImageNet first, and then fine-tuned on PASCAL. This to me felt

o i Bhus very strange: PASCAL and ImageNet were such different datasets, with completely different label sets and biases... why would

Re latlve Po Sltl On [ l 4] by [ l 3] Re S N et- 1 O 1 66 _ 8 training on one help the other? During that afternoon coffee at Nefeli, I suggested that maybe the network didn't actually need
the ImageNet labels, just the ImageNet images to pre-train. Basically, the scientific question I wanted answered was: does one

Mu lti - ta qk [ 1 3 ] Re g N et_ 1 O 1 7 0 5 need semantic supervision to learn a good representation? Thus, the Gelato Bet was born. To entice other reserachers to get
[ = -

involved, I promised to share my winning gelato with any team that will help me win the bet.

In Stan ce Di Scri m i n ati on [60] Re S N et— 5 O 65 . 4 Of course, I lost. Even now, five years later, we still don't have anything that beats ImageNet pre-training for PASCAL VOC

(although several methods come tantalizingly close). Indeed, the whole premise that pre-training is needed for PASCAL in the

Deep Cluster [7] VGG-16 65.9 lcaningsarted sound ICCV15. inlly, s tigh e & valable leson: ek tce tore bettng ogainst yous owh-
advisor!
Deeper Cluster [8] VGG-16 67.8 et U =
. Berkeley, CA ’ 5o
Local Aggregation [66] ResNet-50 69.1 March 2019 el & |

Momentum Contrast [25] ResNet-50 74.9

Faster-RCNN trained on CPC v2 ResNet-161 76.6

Olivier J. Hénaff, Aravind Srinivas, Jeffrey De Fauw, Ali Razavi, Carl Doersch, S. M. Ali Eslami, Aaron van den Oord, Data-Efficient Image
Recognition with Contrastive Predictive Coding, ICML 2020 16



Summary

 Unsupervised Learning: Rapidly advancing field thanks to compute; deep
learning engineering practices; datasets; lot of people working on It.

* Not just an academic interest topic. Production level impact [example: BERT is In
use for Google Search and Assistant].

 What is true now may not be true even a year from now [example: self-
supervised pre-training was way worse than supervised in computer vision tasks
like detection/segmentation last year. Now It Is better].

« Language Modeling (GPT), Image Generation (conditional GANs), Language
pre-training (BERT), vision pre-training (CPC / MoCo) starting to work really well.
Good time to learn these well and make very impactful contributions.

« Autoregressive Density Modeling, Flows, VAEs, GANs, Diffusion Models, etc.
have huge room for improvement. Great time to work on them.

17



Next Lecture:
Neural Building Blocks I: Spatial
Processing with CNNs



