CENG501 — Deep Learning

Week 12
Spring 2026

Sinan Kalkan

Dept. of Computer Engineering, METU



¢
Wolz@(% s a Vision-Language Model?
(o)
N
S Object Localization
« S —

Segment: striped cat

Zero-shot Visual QA Vision
What is the breed of Language
these cats? Model

The cats in the image appear

. . . to be domestic shorthair cats.
One-shot Learning with Instructions

Striped cats are called tabby The cats in the image are tabby cats.
cats. What is the breed of —— Tabby cats are a common domestic
the cats in the image? \—— cat breed and are characterized by
their distinctive coat pattern, stripes
on the body, and a ringed tail.

Fig: https://huggingface.co/blog/vims



4,0\’ VISUALBERT: A SIMPLE AND PERFORMANT
o

BASELINE FOR VISION AND LANGUAGE
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Figure 2: The architecture of VisualBERT. Image regions and language are combined with a Trans-
former to allow the self-attention to discover implicit alignments between language and vision. It

is pre-trained with a masked language modeling (Objective 1), and sentence-image prediction task
(Objective 2), on caption data and then fine-tuned for different tasks. See §3.3 for more details.
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SSVLMs:

An Overview
of the

Approaches

Bordes et al., “An Introduction to

Vision-Language Modeling”, 2024.

https://arxiv.org/pdf/2405.17247
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(1) Contrastive pre-training
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Fig: Bordes et al., “An Introduction to Vision-Language Modeling”, 2024

Masking Approaches



Q\' GC: Global Contrastive Loss (same as CLIP)
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Figure 2. An overview of our FLAVA model, with an image encoder transformer to capture unimodal image representations, a text
encoder transformer to process unimodal text information, and a multimodal encoder transformer that takes as input the encoded unimodal
image and text and integrates their representations for multimodal reasoning. During pretraining, masked image modeling (MIM) and
mask language modeling (MLM) losses are applied onto the image and text encoders over a single image or a text piece, respectively,
while contrastive, masked multimodal modeling (MMM), and image-text matching (ITM) loss are used over paired image-text data. For
downstream tasks, classification heads are applied on the outputs from the image, text, and multimodal encoders respectively for visual
recognition, language understanding, and multimodal reasoning tasks.



Multimodal
Text Decoder

T

Image Unimodal

Encoder Text Decoder
] 1
image text
Pretraining

Contrastive Captioner (CoCa),
Yu et al., 2022.

classification

l

D Image

' Encoder
|

image

Visual Recognition
(single-encoder models)

alignment

N

Image Unimodal

Encoder Text Decoder
image text

Crossmodal Alignment
(dual-encoder models)

image captioning &
multimodal representation

t

Multimodal
Text Decoder

Image Unimodal
Encoder Text Decoder
image text
Image Captioning &

Multimodal Understanding
(encoder-decoder models)

Zero-shot, frozen-feature or finetuning



QY
?]6?] Chameleon: Mixed-Modal Early-Fusion Foundation
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Figure 1 Chameleon represents all modalities — images, text, and code, as discrete tokens and uses a uniform
transformer-based architecture that is trained from scratch in an end-to-end fashion on ~10T tokens of interleaved
mixed-modal data. As a result, Chameleon can both reason over, as well as generate, arbitrary mixed-modal documents.
Text tokens are represented in green and image tokens are represented in blue.
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BLIP: Bootstrapping Language-Image Pre-training for Unified
Vision-Language Understanding and Generation, Salesforce, 2022.
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Figure 2. Pre-training model architecture and objectives of BLIP (same parameters have the same color). We propose multimodal mixture
of encoder-decoder, a unified vision-language model which can operate in one of the three functionalities: (1) Unimodal encoder is
trained with an image-text contrastive (ITC) loss to align the vision and language representations. (2) Image-grounded text encoder uses
additional cross-attention layers to model vision-language interactions, and is trained with a image-text matching (ITM) loss to distinguish
between positive and negative image-text pairs. (3) Image-grounded text decoder replaces the bi-directional self-attention layers with
causal self-attention layers, and shares the same cross-attention layers and feed forward networks as the encoder. The decoder is trained
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BLIP-2: Bootstrapping Language-Image Pre-training with Frozen
Image Encoders and Large Language Models, Salesforce, 2023.
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Figure 2. (Left) Model architecture of Q-Former and BLIP-2’s first-stage vision-language representation learning objectives. We jointly
optimize three objectives which enforce the queries (a set of learnable embeddings) to extract visual representation most relevant to the
text. (Right) The self-attention masking strategy for each objective to control query-text interaction.
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B BLIP-2: Bootstrapping Language-Image Pre-training with Frozen
Image Encoders and Large Language Models, Salesforce, 2023.
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Figure 3. BLIP-2’s second-stage vision-to-language generative pre-training, which bootstraps from frozen large language models (LLMs).
(Top) Bootstrapping a decoder-based LLM (e.g. OPT). (Bottom) Bootstrapping an encoder-decoder-based LLLM (e.g. FlanT5). The
fully-connected layer adapts from the output dimension of the Q-Former to the input dimension of the chosen LLM.
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Today

CENG796 DEEP GENERATIVE MODELS

Course Code: 5710796
o METU Credit (Theoretical-Laboratory hours/week): 3(3-0)
* (Deep) Generative Models
Department: Computer Engineering
. Language of Instruction: English

* Autoregressive models Lovel of Stuy: Gracuate
Course Coordinator: Assoc.Prof.Dr. RAMAZAN GOKBERK CINBIS
Offered Semester: Fall Semesters.

* Variational AEs
FIOW MOdelS At the end of th rse, the students will be expected to:
@ Generative Adversa rial Networks « Comprehend a variety of deep generative models.

* Apply deep generative models to several problems.

® E n e rgy— b a S e d IVl O d e | S . rKer;c;v:rt:hedci)rp:cr:ki;s:es in learning deep generative models, and have a grasp of the current
* Diffusion Models

Course Objectives

Course Content

Deep generative modeling with Autoregressive models; Energy-based models; Adversarial models; Variational

models.
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Administrative Notes

* Project next steps:
* Milestones:

2.Milestone (May 4, midnight)

* The results of the first experiment
3.Milestone (June 1, midnight)

* Final report (Readme file)

* Repo with all code & trained models

CENG501
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Overview & Problem Formulation



Supervised

unhappy ,
Extract = Extract
Features Features

unhappy

Learn a Learn a
unhappy model ¢ ™ model

Plots: https://machinelearningmastery.com/plot-a-decision-surface-for-machine-learning/ & Wikipedia
Facial images from the JAFFE database: https://figshare.com/articles/journal contribution/jaffe desc
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Unsupervised Learning via Density Estimation

1-d density estimation
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Figure: https://cs231n.stanford.edu/slides/2024/lecture_13.pdf
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Generative Modeling

* Learning the probability distribution of data

; A S 5'4

Training data ~ pyata(X)

Objectives:
1. Learn p,oq40(X) that approximates pyaia(X)
2. Sampling new x from pmodel(X)

Figure: https://cs231n.stanford.edu/slides/2024/lecture_13.pdf
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Generative Modeling

* Learning the probability distribution of data

P = Pmodel

d(Pdata pB)
o

Pdata

Po

6 eEM

Model family

Figure: https://deepgenerativemodels.github.io/notes/introduction/ 25



Why Generative Modeling?

- Realistic samples for artwork, super-resolution, colorization, etc.

- Learn useful features for downstream tasks such as classification.

- Getting insights from high-dimensional data (physics, medical imaging, etc.)

- Modeling physical world for simulation and planning (robotics and reinforcement
learning applications)

- Many more...

from L-R are copyright: (1) Alec Radford et al 2016: (2) Philliplsglaetal 2017 Reproduced with authors permission (3) BAIRBlog.
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Generative Modeling: State of the Art

* Image Generation -- Midjourney
e https://clickup.com/blog/midjourney-prompt-examples/

* Video Generation -- OpenAl
e https://openai.com/index/video-generation-models-as-world-simulators/

e Audio Generation -- Stable audio
* https://stableaudio.com/

e “World” Generation -- Genie 2
* https://deepmind.google/discover/blog/genie-2-a-large-scale-foundation-

world-model/
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Generative Modeling

* Learning the probability distribution of data

;A lea£§ [pmodel(x } S(am——p“&g J‘

Training data ~ pyata(X) |

Formulate as density estimation problems:
- Explicit density estimation: explicitly define and solve for pogel(X)
- Implicit density estimation: learn model that can sample from p0q401(X) Without
explicitly defining it.

Figure: https://cs231n.stanford.edu/slides/2024/lecture_13.pdf
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Taxonomy of Generative Models

Direct

Generative models

/\

Explicit density

T

GAN

Implicit density

\

Tractable density

Approximate density

Markov Chain

Fully Visible Belief Nets

.

- NADE
- MADE

Variational

- PixelRNN/CNN
- NICE / RealNVP
-  Glow
- Ffjord

Variational Autoencoder

\

GSN

Markov Chain

Boltzmann Machine

+ Diffusion Models
Figure copyright and adapted from lan Goodfellow, Tutorial on Generative Adversarial Networks, 2017.

Slide: https://cs231n.stanford.edu/slides/2024/lecture_13.pdf
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ADD THIS

* https://arxiv.org/abs/2512.07829
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Autoregressive Models



Fully visible belief network (FVBN)

Explicit density model

p(z) = p(z1,22,...,2,)

T T

Likelihood of Joint likelihood of each
image x pixelin the image

Slide: https://cs231n.stanford.edu/slides/2024/lecture_13.pdf
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Fully visible belief network (FVBN)

Explicit density model

Use chain rule to decompose likelihood of an image x into product of 1-d

distributions:
n |

p(x) = Hp(a:z-\xl, ooy Ti—1)
e

Likelihood of Probability of i’th pixel value
Image X given all previous pixels

Then maximize likelihood of training data

Slide: https://cs231n.stanford.edu/slides/2024/lecture_13.pdf
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Fully visible belief network (FVBN)

Explicit density model
Use chain rule to decompose likelihood of an image x into product of 1-d

distributions:
n I

p(x) = Hp(:cz-|:1:1, ey Ti—1)
R

Likelihood of Probability of i’th pixel value

image x given all previous pixels
Complex distribution over pixel

e e ae . values => Express using a neural
Then maximize likelihood of training data network!

34
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Recurrent Neural Network

X2 X3 X4 Xn
o BB BN

I I I |

X1 X3 X3 Xn-1

p(zi|T1, .y Tiz1)

Slide: https://cs231n.stanford.edu/slides/2024/lecture_13.pdf



PiXElRN N [van der Oord et al. 2016]

Generate image pixels starting from corner

Dependency on previous pixels modeled
using an RNN (LSTM)

© O O O @
© 0 0 0 O

Slide: https://cs231n.stanford.edu/slides/2024/lecture_13.pdf

© O O O O

© O O O O

© 0 0 O O
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PiXElRN N [van der Oord et al. 2016]

Generate image pixels starting from corner z—’O
Dependency on previous pixels modeled O
using an RNN (LSTM) @ O
© O
© O

Slide: https://cs231n.stanford.edu/slides/2024/lecture_13.pdf
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P iXE l. R N N [van der Oord et al. 2016]

Generate image pixels starting from corner

Dependency on previous pixels modeled
using an RNN (LSTM)

Q@ O
@ © O
@ © © 0 ©

Slide: https://cs231n.stanford.edu/slides/2024/lecture_13.pdf

© 0 O O O

© 0 O O O
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P iXG l R N N [van der Oord et al. 2016]

Generate image pixels starting from corner ©

Dependency on previous pixels modeled
using an RNN (LSTM)

o @
© O

Drawback: sequential generation is slow in
both training and inference!

Slide: https://cs231n.stanford.edu/slides/2024/lecture_13.pdf

© O O

@ © © 0 ©

© O O O O
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P ixe IC N N [van der Oord et al. 2016]

Still generate image pixels starting from
corner

Dependency on previous pixels now modeled A~
using a CNN over context region 7 / /

(masked convolution)

Figure copyright van der Oord et al., 2016. Reproduced with permission.

Slide: https://cs231n.stanford.edu/slides/2024/lecture_13.pdf o



P ixe IC N N [van der Oord et al. 2016]

Still generate image pixels starting from

corner

. . AN~
Dependency on previous pixels now modeled
using a CNN over context region /
(masked convolution)

Training is faster than PixelRNN

(can parallelize convolutions since context region
values known from training images)

Generation is still slow:

For a 32x32 image, we need to do forward passes of the
network 1024 times for a single image

Figure copyright van der Oord et al., 2016. Reproduced with permission.

Slide: https://cs231n.stanford.edu/slides/2024/lecture_13.pdf H



Generation Samples
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Figures copyright Aaron van der Oord et al., 2016. Reproduced with permission

Slide: https://cs231n.stanford.edu/slides/2024/lecture_13.pdf



PixelRNN and PixelCNN

Improving PixelCNN performance
- Gated convolutional layers
- Short-cut connections

p(x) - Discretized logistic loss

Pros:
- Can explicitly compute likelihood

- Easyto optimize - Multi-scale
- Good samples - Training tricks
- Etc...

Con:

- Sequential generation => slow See

- Vander Oord et al. NIPS 2016
- Salimans et al. 2017 (PixelCNN++)

43
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Variational Autoencoders



Autoregressive Models vs
Variational Autoencoders

PixelRNN/CNNs define tractable density function, optimize likelihood of training data:

p9($) = Hp9($i|$1, yous xi—l)
1=1

Variational Autoencoders (VAEs) define intractable density function with latent z:

po(a) = [ po(2)pa(ale)d:

No dependencies among pixels, can generate all pixels at the same time!
Cannot optimize directly, derive and optimize lower bound on likelihood instead

Why latent z?

45
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Disentangled Representation Learning

Xt ~ Sim(w()

K conditionally
independent factors

- . - ' __________ gl Object Size
' """"""""""" Object Shape
- - - » B Wall Color
i ________ e Floor Color
SEE ;o

zl) € RL

p(x(i) | Z(i)) ~ Sim(w(i))

Figure: X. Wang, H. Chen, S. Tang, Z. Wu, and W. Zhu. Disentangled representation learning. arXiv preprint arXiv:2211.11695, 2022.
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Recap: Autoencoders

Unsupervised approach for learning a lower-dimensional feature representation from
unlabeled training data

Decoder

Encoder

&
Features o
I

Input data

47
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Recap: Autoencoders

Unsupervised approach for learning a lower-dimensional feature representation from
unlabeled training data

z usually smaller than x
(dimensionality reduction)

Q: Why dimensionality

TR
reduction? Decoder

h

| ) . | = !
Featur e =
eatures ,|z e B > N

b

Encoder Eﬁ@
ol L R
Bl < 62

Slide: https://cs231n.stanford.edu/slides/2024/lecture_13.pdf e

Input data




Recap: Autoencoders

Unsupervised approach for learning a lower-dimensional feature representation from
unlabeled training data

z usually smaller than x
(dimensionality reduction)

Q: Why dimensionality
reduction?

Decoder
A: Want features to
capture meaningful
factors of variation in
data Encoder

T
Features 2
€I

Input data

Slide: https://cs231n.stanford.edu/slides/2024/lecture_13.pdf ”



Recap: Autoencoders

Recqnstru%t‘_e;d data
e =
ERL&lS

How to learp this feature . P—— n.sqn
representation? CCONSHTHCLC -EHTJ .E

input data
Train such that features T Encoder: 4-layer conv
can be used to 4 Decoder: 4- layer upconv
reconstruct original data Decoder
“Autoencoding” - ut data
encoding input itself Features e E

Encoder .th

gl MRS S
Input data T -H = -E

Slide: https://cs231n.stanford.edu/slides/2024/lecture_13.pdf
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Recap: Autoencoders

Train such that features can

be used to reconstruct

original data

|z —&[* -

I

Doesn’t use labels!
L2 Loss function:

2
Decoder

Features z
Encoder

Input data @Q

Slide: https://cs231n.stanford.edu/slides/2024/lecture_13.pdf

Reconstructed data

ol = O
YT

RLIS A
-EH;IE

Encoder: 4-layer conv
Decoder: 4- layer upconv

tdata
s i T
IIEDI@
Ko el ¥
ol ad L]




Recap: Autoencoders

Reconstructed 7
input data 3
Decoder
Features z
Encoder
Input data €T

\ After training,

throw away decoder

Slide: https://cs231n.stanford.edu/slides/2024/lecture_13.pdf



Recap: Autoencoders

Transfer from large, unlabeled
dataset to small, labeled dataset.

Predicted Label

Encoder can be used

Loss function

(Softmax, etc)

/\

7 \

Classifier

to initialize a Features

Z

supervised model

7 \

Encoder

Input data

b

Fine-tune
encoder
jointly with
classifier

Slide: https://cs231n.stanford.edu/slides/2024/lecture_13.pdf

bird plane
dog deer  truck

Train for final task
(sometimes with
small data)

o R

53



Recap: Autoencoders

Reconstructed 7
input data 5
Decoder
Features A
Encoder
Input data €T

Autoencoders can reconstruct
data, and can learn features to
initialize a supervised model

Features capture factors of
variation in training data.

But we can’t generate new images
from an autoencoder because we
don’t know the space of z.

How do we make autoencoder a
generative model?

Slide: https://cs231n.stanford.edu/slides/2024/lecture_13.pdf



Variational Autoencoders (VAESs)

Probabilistic spin on autoencoders - will let us sample from the model to generate data!

Assume training data {:z;(i) },f‘;l is generated from the distribution of unobserved (latent)
representation z

Intuition (remember from autoencoders!): x
is an image, z is latent factors used to

Sample from : : '
true conditional T generate x: attributes, orientation, etc.
po-(z | 2) |
Sample from
true prior
E Z

29 ~ py (2)
Kingma and Welling, “Auto-Encoding Variational Bayes”, ICLR 2014

55
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Variational Autoencoders (VAESs)

We want to estimate the true parameters  0*
of this generative model given training data x.

Sample from
true conditional I

pe-(z | 21¥))

Sample from
true prior >

20 ~ P (2)

Kingma and Welling, “Auto-Encoding Variational Bayes”, ICLR 2014

56
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Variational Autoencoders (VAESs)

We want to estimate the true parameters 9*
of this generative model given training data x.

Sample from
true conditional X

po-(z | 2V)

How should we represent this model?

Sample from
true prior >

20 ~ pg (2)

Kingma and Welling, “Auto-Encoding Variational Bayes”, ICLR 2014

57
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Variational Autoencoders (VAESs)

Sample from
true conditional

pe~(z | 2(V)

Sample from
true prior

2% ~ py (2)

A\

Slide: https://cs231n.stanford.edu/slides/2024/lecture_13.pdf

We want to estimate the true parameters  0*
of this generative model given training data x.

How should we represent this model?
Choose prior p(z) to be simple, e.g. Gaussian.

Reasonable for latent attributes, e.g. pose, how
much smile.

Kingma and Welling, “Auto-Encoding Variational Bayes”, ICLR 2014
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Variational Autoencoders (VAESs)

w""".mmm We want to estimate the true parameters  9*
“ “ ‘ of this generative model given training data x.

Sample from
true condltlpnal "'? How should we represent this model?
po-(z | z)
Decoder Choose prior p(z) to be simple, e.g. Gaussian.
. network Reasonable for latent attributes, e.g. pose, how
Sample from much smile.
true prior ~

() rioma
2 per (2) Conditional p(x|z) is complex (generates image)

‘ f E \ => represent with neural network

Kingma and Welling, “Auto-Encoding Variational Bayes”, ICLR 2014

Slide: https://cs231n.stanford.edu/slides/2024/lecture_13.pdf



Variational Autoencoders (VAESs)

Sample from
true conditional

po-(z | 2V)

Sample from
true prior

(1)~ P (2)

T

7 |

Decoder
network

4

Slide: https://cs231n.stanford.edu/slides/2024/lecture_13.pdf

We want to estimate the true parameters §*
of this generative model given training data x.

How to train the model?

Learn model parameters to maximize likelihood
of training data

fpe z)po(z|z)dz

Kingma and Welling, “Auto-Encoding Variational Bayes”, ICLR 2014

60



Variational Autoencoders (VAESs)

Sample from
true conditional

po+(z | 219)

Sample from
true prior

29 ~ py (2)

h

7 3

Decoder
network

2

Slide: https://cs231n.stanford.edu/slides/2024/lecture_13.pdf

We want to estimate the true parameters  §*
of this generative model given training data x.

How to train the model?

Learn model parameters to maximize likelihood
of training data

= [ po(2)pe(z|2)dz

Q: What is the problem with this?

Intractable!

Kingma and Welling, “Auto-Encoding Variational Bayes”, ICLR 2014
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Variational Autoencoders (VAEs): Intractability
v

Data likelihood: pg(z fpg 2)pe(z|2)dz

f

Simple Gaussian prior

Kingma and Welling, “Auto-Encoding Variational Bayes”, ICLR 2014

Slide: https://cs231n.stanford.edu/slides/2024/lecture_13.pdf °



Variational Autoencoders (VAEs): Intractability
v Vv '

Data likelihood: Po(z) = [ pe(2)pe(z|2)dz

\

Decoder neural network

Kingma and Welling, “Auto-Encoding Variational Bayes”, ICLR 2014

Slide: https://cs231n.stanford.edu/slides/2024/lecture_13.pdf >



Variational Autoencoders (VAEs): Intractability
\/ v

Data likelihood: pg(x fpg 2)pg(z|2)dz

/‘

Intractable to compute p(x|z) for every z!

Kingma and Welling, “Auto-Encoding Variational Bayes”, ICLR 2014

64
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Variational Autoencoders (VAEs): Intractability
& \/ v

Data likelihood: pg(z fpg pg a:|z

/‘

Intractable to compute p(x|z) for every z!

log p() ~ log + S p(z]2®), where 2) ~ p(2)

Monte Carlo estimation is too high variance

Kingma and Welling, “Auto-Encoding Variational Bayes”, ICLR 2014
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Variational Autoencoders (VAEs): Intractability
\/ v

Data likelihood: pg(z fpg 2)pg(z|2)dz

Posterior density: ~ Pg(2|T) = p9($|z)p9(z)/pf9(x)

Intractable data likelihood

Kingma and Welling, “Auto-Encoding Variational Bayes”, ICLR 2014

Slide: https://cs231n.stanford.edu/slides/2024/lecture_13.pdf °°



Variational Autoencoders (VAESs)

Data likelihood: po(z) = [ pe(2)pe(x|z)dz

Posterior density also intractable: p0(2|33) — Do ($|Z)p9 (Z)/po (33)

Solution: In addition to modeling pg(x|z), learn q4(z|x) that approximates the true
posterior pg(z|x).

Will see that the approximate posterior allows us to derive a lower bound on the data
likelihood that is tractable, which we can optimize.

Variational inference is to approximate the unknown posterior distribution from only
the observed data x

Kingma and Welling, “Auto-Encoding Variational Bayes”, ICLR 2014

Slide: https://cs231n.stanford.edu/slides/2024/lecture_13.pdf
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Variational Autoencoders (VAESs)

log pg(z'?) = B e ]t [lng9($(i))] (pe () Does not depend on z)

/

Taking expectation wrt. z (using
encoder network) will come in
handy later

Slide: https://cs231n.stanford.edu/slides/2024/lecture_13.pdf
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Variational Autoencoders (VAESs)

log pg(z'”) = E. g, (zlz0) [logpg(x(i))] (pe(x?) Does not depend on 2)

(2)
_E. [logpe(a: Iz)Pe(z)] (Bayes' Rule) e
po(z | z™)

Slide: https://cs231n.stanford.edu/slides/2024/lecture_13.pdf

69



Variational Autoencoders (VAESs)

log pp (V) = B g, (2|2) [logpg(a:(i))] (pe () Does not depend on z)

po(z9) | 2)po(2)
po(z | )

po (29 | 2)pe(2) gg(z | V)
po(z | )  gg(z | z)

=E, |log ] (Bayes” Rule)

= E. |log ] (Multiply by constant)

Slide: https://cs231n.stanford.edu/slides/2024/lecture_13.pdf
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Variational Autoencoders (VAESs)

log pg(z'”) = E, gy (zlz) [logpg(a:(i))} (po () Does not depend on z)

i (2)
=E. |log po(e™ | z)pg(z)] (Bayes” Rule)
! po(z | x)

po (2D | 2)po(2) gg(z | 1)
po(z | z®)  gy(z | 2®)

= E. |log ] (Multiply by constant)

- , (2) (2)
_E. [logpo(2® | z)] _E. llog g(z | z )] ey [log 49(2 | )
- po(z) po(z | z(®)

Slide: https://cs231n.stanford.edu/slides/2024/lecture_13.pdf

] (Logarithms)
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Variational Autoencoders (VAESs)

log pe(x'V) = B o 2]ty [logpg(a:(i))} (po (') Does not depend on z)

log po (2 | 2)

i (2)
log po(z™ | z)pg(z)] (Bayes’ Rule)

po(z | @)
po (29 | 2)pe(2) qg(z | )
po(z | 2¥)  gg(z | @)
(z | z)
po(2)

log ] (Multiply by constant)

(2)
—E, llog cLi ] +E, [log 4(2| @ )] (Logarithms)

| po(z | (D)

—logpe(a:(i) | 2)| = Drr(as(z | ) ||pa(2)) + Drr(gs(z | 27) || pa(z | 1))

e 7

The expectation wrt. z (using
encoder network) let us write
nice KL terms

Slide: https://cs231n.stanford.edu/slides/2024/lecture_13.pdf
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Variational Autoencoders (VAESs)

log po(z(?) = B o gl [lngg(ZC(i))] (po () Does not depend on z)
[ g 12

log @ } (Bayes” Rule)
We want to L pg(z | ) |
maximizethe . [ pe(z@ | 2)pe(2) gy(z | V) ,
data = E. |log iz |z®) o] o®) (Multiply by constant)

likelihood i

: . (2) (2)
=E. |logpe(z? | z)] -E, [log 42 | @ )] + E, [log 4z | 2 : )] (Logarithms)
- po(z) po(z | (V)
= E: [logpo(c® | 2)| - Dic1.(as(= | 29) |1 po(2)) + Dicr(ao(z | 2?) || po(z | 2@))
Decoder network gives pg(x|z), can This KL term (between Pe(z|x) intractable (saw earlier),
compute estimate of this term through Gaussians for encoder and z can’t compute this KL term :(
sampling. prior) has nice closed-form But we know KL divergence

solution! always >=0.

73
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Variational Autoencoders (VAESs)

log po(z(?) = E, g, (zz®) [logpg(x(i))] (po(x?) Does not depend on 2)

S

po(zV) | 2)po(2)
po(z | ()

log

] (Bayes’ Rule)

We want to - @ @)
(s - i i
;nammlze o E. |log po(z™ | z)pg(z) G . ) (Multiply by constant)
ata po(z [20)  go(z | 20)
likelihood ] _ (| (i)) | (2)
=E, |logps(z™ | 2)| — E, [log 2t ] +E, llog i :v()
i ) po(2) PO z| @

logpo(2) | 2)| - Dicrlag(z | 22) || po(2))

_—y

Lz .0, )

Tractable lower bound which we can take
gradient of and optimize! (pg(x|z) differentiable,
KL term differentiable)

+ DKL(%(Z E:

j]

(Logarithms)

N || po(z | 2

)

O

Slide: https://cs231n.stanford.edu/slides/2024/lecture_13.pdf
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Variational Autoencoders (VAESs)

log pe(z'V) = B, .22 ®) [logpg(a:(i))] (po(z?) Does not depend on z)

i (2)
=E. |lo po (™| z)(]z?)g(z)} (Bayes’ Rule) Encoder:
po(z | ) make approximate
Decoder: po(z | 2)pe(2) gp(z | @) posterior distribution
reconstruct —<E, (log 7@ | 29) Gz x(z’))] (Multiply By constant) close to prior

the input data

) [ )] @) (3)
=E. logpp(z'”) | 2)| — E. [log hl: )] + E/|10g 2217 x(i)> (Logarithms)
— . L po(z) | po(z | 2\¥)
—|E. [logpe(a:(i) | 2)| — D r(ge(z | Wz)) + Drcr(as(2 | 29) || po(# | 29))

(i))
>0

Lz 9, ¢)

Tractable lower bound which we can take
gradient of and optimize! (pg(x|z) differentiable,
KL term differentiable)

75
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Variational Autoencoders (VAESs)

Putting it all together: maximizing the
likelihood lower bound

E. [logps(= | 2)] —|DKL<q¢<z EY ||pe<z>j

L(z",0,9)

Let’s look at computing the KL divergence
between the estimated posterior and the
prior given some data

Input Data X

76
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Variational Autoencoders (VAESs)

Putting it all together: maximizing the
likelihood lower bound

E. [logpo(=” | 2)] —|DKL<q¢<z EY ||p0(z)j

L(z,9,4)

Hz|x

Encoder network

q4(z|z)
Input Data

Slide: https://cs231n.stanford.edu/slides/2024/lecture_13.pdf




Variational Autoencoders (VAESs)

Putting it all together: maximizing the
likelihood lower bound

B [logpo (2" | 9] ~|Drcslas(z | 2) l1po(2))

L(z,9,4)

Dgr, (N (e X212) [N (0, 1))

Have analytical solution

Make approximate
posterior distribution
close to prior

I‘LZI:B Zzlm

Encoder network
D

Input Data b

Slide: https://cs231n.stanford.edu/slides/2024/lecture_13.pdf



Variational Autoencoders (VAESs)

Putting it all together: maximizing the
likelihood lower bound

(2) (2)
£ {logp"(x | Z)] Dicr(go(z | 2™) ”p"(z)z Not part of the computation graph!
L(x,0,9) X

2

Samplezfrom z|z ~ N )
Make approximate P | ('u’z|$7 ZIm)

posterior distribution / \

close to prior Hz|x Zz|w

Encoder network
wele) N

Input Data b

Slide: https://cs231n.stanford.edu/slides/2024/lecture_13.pdf



Variational Autoencoders (VAEs)

Reparameterization trick to make
sampling differentiable:

Putting it all together: maximizing the Sample € ~ N(O’ I)

likelihood lower bound
2= Wylg T €0,y

E. [logps(a®) | )| |- Dicr(as(= | ) Il po(2))

£(z9, 0, 6)

Z
Sample z from z|a: ~ N(,uz|x, Ezl:z:)

/ \
/‘LZ|:I: Zzlx

Encoder network
Wil S

Input Data b

Slide: https://cs231n.stanford.edu/slides/2024/lecture_13.pdf



Variational Autoencoders (VAESs)

Reparameterization trick to make
sampling differentiable:

Putting it all together: maximizing the
likelihood lower bound Sample € ~ N(07 I LEPUt toh
o e grap
E. [10gp0(~’17(i) | 2)] Dir(g6(z | %) || pa(2)) - N’ZL’B
L(z®,0,9) Part of computation graph
yA

Sample z from z|:13 ~ N(Mz|m, Ez|m)

/

“Zlﬂ: Zzlx

Encoder network
N

Input Data I

81
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Variational Autoencoders (VAESs)

Maximize likelihood of original
input being reconstructed

Putting it all together: maximizing the

s &
likelihood lower jﬂdﬁ / \
E. [logps(2? | 2)| [=BR7(gs(2 | 29) || pa(2)) Hz|2 2ol

L(z™, 0, ) Decoder network \/
po(x|z)

<
Sample z from z|a: ~ N(uz|a,-, Ezlm)

/

”le Zzlx

Encoder network
g (2|) \/

Input Data b

Slide: https://cs231n.stanford.edu/slides/2024/lecture_13.pdf



Variational Autoencoders (VAESs)

Putting it all together: maximizing the

likelihood lower bound / b \

E. [logpo(2?) | 2)| - Dicr(as( | 29) l|po(2) [P W
L(zD,0, ) Decoder network \/
po(z|2)
For every minibatch of input <
data: compute this forward pass, Sample z from Z|SU N N(Hz|a:a Ezlm)
and then backprop! /
/'l'z|:z: Ezlx
Encoder network V\/'
g4 (2|z)
Input Data b

Slide: https://cs231n.stanford.edu/slides/2024/lecture_13.pdf



Variational Autoencoders (VAESs)

Now given a trained VAE:

Our assumption about data generation use decoder network & sample z from prior!
process
Sample from &
true condltlpnal {I? Sample x|z from :c|z ~ N(Mw|z, 2x|z)
po-(z | 2)
Decoder / \
network Hz|z Eazlz
fampl? from Decoder network \/
rue prior
; 2 po(al:)
2\~ pyg(2) YA

Samplezfrom 2z ~ N(0, 1)
Kingma and Welling, “Auto-Encoding Variational Bayes”, ICLR 2014

Slide: https://cs231n.stanford.edu/slides/2024/lecture_13.pdf



Variational Autoencoders (VAESs)

Data manifold for 2-d z

Use decoder network. Now sample z from prior!

VDAV NANNNAANANN N NSNNNNS
QA LELLLLLLW NN~
QAP LKL LLLVYY Y NN~
QAU Iy tn oo o ©VOVVWY W~~~
QAVVHHINNKRGWWWBVIYIVIYY W W - —
QAOOUOHINININNHEBPBDIIVIY W W - —
QAOOIMHIMMMMoMDIID D W - ——
QOO MMNMMMMM®OO DD D W — —
QODMWMMMN MMM N0 WD D e e e —
QOMME MM (0" O 0000 e on oo —
RIS G LGl Rl R
SRS s Ko Ko Rl ak ok R S S S N N
SAaddddddogorororororrrraaan~
SAddadddocrrrrr T TIIIINN
SAdddgTrrrrrrdIFTIITIRINN
SAdAddTTTTrrrrrrrrr™2R™2R™NN
SFTroToooorereceoc RN NNN

d .
- Ll

Vary z;

Zwlz

Hzx|z

Sample x|z from a:|z ~ N(ua,|z, Zx|z)

Decoder network
po(z|2)

Samplezfrom z ~ AN(0, 1)

Kingma and Welling, “Auto-Encoding Variational Bayes”, ICLR 2014

Vary z,
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Variational Autoencoders (VAEs)

Diagonal prioron z
==independent Degree of smile
latent variables \ 2
Different dimensions

of zencode Vary z;
interpretable factors

of variation

b

Also good feature representation that
can be computed using q(z|x)!

> Head pose
Kingma and Welling, “Auto-Encoding Variational Bayes”, ICLR 2014 Vary z, e i

Slide: https://cs231n.stanford.edu/slides/2024/lecture_13.pdf
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Variational Autoencoders (VAEs)

Labeled Faces in the Wild

32x32 CIFAR-10

Figures copyright (L) Dirk Kingma et al. 2016; (R) Anders Larsen et al. 2017. Reproduced with
permission.

Slide: https://cs231n.stanford.edu/slides/2024/lecture_13.pdf
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Variational Autoencoders (VAESs)

Probabilistic spin to traditional autoencoders => allows generating data
Defines an intractable density => derive and optimize a (variational) lower bound

Pros:
- Principled approach to generative models

- Interpretable latent space.
- Allows inference of q(z|x), can be useful feature representation for other tasks

Cons:
- Maximizes lower bound of likelihood: okay, but not as good evaluation as

PixelRNN/PixelCNN
- Samples blurrier and lower quality compared to state-of-the-art (GANSs)

Active areas of research:
- More flexible approximations, e.g. richer approximate posterior instead of diagonal
Gaussian, e.g., Gaussian Mixture Models (GMMs), Categorical Distributions.

- Learning disentangled representations.

Slide: https://cs231n.stanford.edu/slides/2024/lecture_13.pdf
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Disentangled Representation Learning

Xt ~ Sim(w()

K conditionally
independent factors

- . - ' __________ gl Object Size
' """"""""""" Object Shape
- - - » B Wall Color
i ________ e Floor Color
SEE ;o

zl) € RL

p(x(i) | Z(i)) ~ Sim(w(i))

Figure: X. Wang, H. Chen, S. Tang, Z. Wu, and W. Zhu. Disentangled representation learning. arXiv preprint arXiv:2211.11695, 2022.
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Variational Auto-Encoders and its Variations

Input <o Ideally they are identical. ~ ---------------------- - Reco.nStrUCted
) input
X~X
Probabilistic Encoder
49 (2[x)
Mean w Sampled
latent vector
Probabilistic
X [ ——™ Decoder | 5| 5/
po(x|z)
o
Std. dev
_ An compressed low dimensional

zZ=p+toQe representation of the input.
e ~N(0,I)

L(0,9;x,2,8) = Ey,(zx) [lnge(X\Z)] — Dikr (Q¢(Z|X) | P(Z))
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B-VAE (Higgins et al., 2016)

L(@, ¢; X, 4, 6) — <':CI<;5(Z|X) [long(X‘Z”] o ﬁDKL<Q¢(Z‘X)Hp<Z))

* B> 1 implies stronger disentanglement”

e Limitations:
* |ncreased reconstruction loss
* Increased complexity
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Our Work

e Learnable VAE

1 1
Li-var(0: 6:%,2) = —Eq, ) |08 po(x|2)| — — D (46(2]%) || p(2) ) + Y o7
0 1 i=0,1
e Dimensionwise-learnable VAE
1
LdL—VAE(ea ¢;X7 Z) :1 + 111(1 + 0_8)]Eq<p(z|x) |:10gp9(X|Z)}
L+1

- Z 1+ 1n(11 ¥ o7y K (q‘f’(zi‘ﬂx) | p(z))

L+1

+ Z 03.
i=0
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Our Work

VAE 11.86 058 093 077 056 063 030 032 092 0.28
B-VAE (B = 4) 29.11 058 092 0.75 055 051 030 028 094 0.26
Control VAE 24.35 0,60 097 076 059 058 030 030 0.94 0.30
DynamicVAE 33.75 056 089 058 050 051 033 029 085 0.32
o-VAE 1230 029 077 055 047 043 007 009 090 0.03
L-VAE (8 = 0.89)  11.77 059 09 077 057 0.65 031 032 092 0.32
dL-VAE 19.99 0.60 097 077 0359 057 0.3l1 030 094 0.33
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Flow-based Models



GAN: minimax the -
classification error loss.

VAE: maximize ELBO.

Flow-based
generative models:
minimize the negative

log-likelihood

Discriminator

D(x)

Encoder
q4(2|x)

Generator

G(z)

Flow

f(x)

Inverse

fH(2)

Figure: https://lilianweng.github.io/posts/2018-10-13-flow-models/




Background

Given a random variable z and its known probability density function z ~ 7r(z), we would like to
construct a new random variable using a 1-1 mapping function x = f(z). The function f is
invertible, so z = f e (:c) Now the question is how to infer the unknown probability density
function of the new variable, p(x)?

/ p(il?)d.’l? = / ™ (Z) dz = 1 ; Definition of probability distribution.

p(z) = () | 2

— () \—| — (@) () @)

Figure: https://lilianweng.github.io/posts/2018-10-13-flow-models/ 96



Background

The multivariable version has a similar format:

& ~ W(Z),x — f(z)az — f_l(x)

dz 1
det — | =7(f " (x))

X

df !

det
© dx

p(x) = m(z)

f

where det g—z is the Jacobian determinant of the function f. The full proof of the multivariate

Figure: https://lilianweng.github.io/posts/2018-10-13-flow-models/
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Z=f(Y)
-«
Normalizing
direction
>

%

pz(2)

Y =8(Z)
H
Generative
direction

Base distribution, Z Target distribution, Y

£(Y)

Z
Derivative |Df(y)]

Target distribution, Y Target distribution, Y

Fig. 1. Change of variables (Equation (1)). Top-left: the density of
the source pz. Top-right: the density function of the target distribution
py (y). There exists a bijective function g, such that py = g«pz, with
inverse f. Bottom-left: the inverse function f. Bottom-right: the absolute

Jacobian (derivative) of f.

Figure: “Normalizing Flows: An Introduction and Review of Current Methods”, 2021.
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Normalizing Flow

f1 Zo fz Z;_ 1) fz+1(zz
OO - @O - @

Ve \N

’ \

/ \
I \ ! \
\ : M \ /\/\y\/\ :
\ I \ I
\ I/ 4’[ \ I »
\ / \ /

\\\ ,/, \\ , / \\\ ’//
zo ~ po(2zo) z; ~ p;i(z;) zg ~ Pk (ZK)

Fig. 2. lllustration of a normalizing flow model, transforming a simple
distribution p_0(z_0) to a complex one p_K (z_K) step by step.

Figure: https://lilianweng.github.io/posts/2018-10-13-flow-models/ 100



Planar Radlal
K=2 K=10

EEIEFJ[]
EANLY

Figure 1. Effect of normalizing flow on two distributions.

"

4

Unit Gaussian

P

Uniform

.

\-C

Figure: “"Variational Inference with Normalizing Flows”, 2016.
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Normalising Flows

Exploit the rule for change of variables:
e Beqin with an initial distribution
e Apply a sequence of K invertible transforms

Sampling and Entropy

zx = fxo.. °f2°f1(80) /\/\/\
losqx(zx)=logqo(zo)—zlosdet : —

Distribution flows through a sequence of invertible transforms

Rezende and Mohamed, 2015
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fz - 1 @fH—l Zz

Z;—1 ~ Pi—1(%i—1)
z; = fi(2i-1), thus z; 1 = f; ' (z;) "N_\'

1 df_l 'Np( i)
pi(z:) = pi—1(f; "(2;)) |det B g
dz; p(z) = ()| Z | = m(7 ) | 2L
Then let's convert the equation to be a function of z; so that we can do inference with the base
distribution.
af;?
-1
pi(2i) = pi-1(f; " (2:)) |det —
Z;
dfi . .
= Pi—1 (zz'—l) det ; According to the inverse func theorem.
de 1
dfi . S
= Pi—1 (zz’—l) det d ; According to a property of Jacobians of invertible func.
Z;—1
dfi
log pi(z;) = logp;—1(zi—1) — log |det I
i—1

Figure: https://lilianweng.github.io/posts/2018-10-13-flow-models/ 1




Given such a chain of probability density functions, we know the relationship between each pair of

consecutive variables. We can expand the equation of the output x step by step until tracing back

to the initial distribution z.

X=ZK=fK0fK—1O“'Of1(Zo)

log p(x) =log Tk (zk) = logmx—1(2k-1) — log

= log g _»(zx—2) — log

K
log 7o (2Z0) — Z log
i—1

det

dfk
dzg_1
dfx-1
dzg_ o

det

dfk

det
° dzi_1

det

— log

dfi

dz; 1

Figure: https://lilianweng.github.io/posts/2018-10-13-flow-models/ 104



The path traversed by the random variables z; = fz-(zz-_l) is the flow and the full chain formed by
the successive distributions 7; is called a normalizing flow. Required by the computation in the
equation, a transformation function f; should satisfy two properties:

1. It is easily invertible.

2. Its Jacobian determinant is easy to compute.

Figure: https://lilianweng.github.io/posts/2018-10-13-flow-models/ 105



Training

Minimize the divergence between estimated distribution and real distribution:

D [p™ (2)||po(2)] = —Epr (2 [log(po (2))] + Epe (1) [log(p* (z))]

/ \

. 1 X Constant for the dataset
—Ep(2) log(po(2))] = N ; g(po(@:)) & does not depend on 8

argmin Dgy [p*(z)||pg(z)] mmm) arg max Zlog(pe(fvz’))

0
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Training

arg ;nax Z log(pg(x;))

Pseudo-code

fl(ZO) @
//’ \\\
4 \
/ \
! \
' A !
\ 1
\ ]
\ ’
\ 7/
~ 7

Zg ~ Po(Zo)

1. x <« Sample a batch
2. zo~pg(2y | X)

3. loss:logpg(x) =logp,(zy) +10g‘det (afe(x)

0x

fi(z

)

Z;

@f
~ pi(

1+

1

/”_§\\
’ \
4 \
! \
1
I
1
\ 7
\
4
N ol
N -,
\\—_’/

zx ~ Pk (2K
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Standard Normalizing Flow Training (MLE)
1. X «- Sample a batch of real data.

(Optional: If x is discrete image data, apply dequantization here by adding uniform noise).
2. 2 — f, H(x)
Run the data backwards through the flow's inverse transformations to find the exact

corresponding latent variables.

- o -1
3. log|det J| « X  log |det %;—‘
While passing the data backwards, accumulate the log-determinant of the Jacobian for every

layer. This measures how much the flow is "stretching" or "compressing" the probability space.

4. [:(0) = % Zbatch (logp(z()) T log l det Jl)
Calculate the Negative Log-Likelihood (NLL) loss. We want to maximize the likelihood, so we

minimize the negative log-likelihood.
» log p(z) evaluates how likely that latent point is under your simple base distribution.

» log|det J| adjusts that probability to account for the volume change caused by the flow.

5.0 « 0 — aVyL(0)
Compute the gradients of the loss with respect to the model's parameters and update the

weights using an optimizer (like Adam or SGD) with learning rate «.



RealNVP

The RealNVP (Real-valued Non-Volume Preserving; Dinh et al., 2017) model implements a

normalizing flow by stacking a sequence of invertible bijective transformation functions. In each
bijection f : x — y, known as affine coupling layer, the input dimensions are split into two parts:

e The first d dimensions stay same;

e The second part, d + 1 to D dimensions, undergo an affine transformation (“scale-and-shift")
and both the scale and shift parameters are functions of the first d dimensions.

Yid = X14
Yd+1:D = Xg+1.0 © exp(s(x1.4)) + t(x1.q)

where s(. ) and ¢(. ) are scale and translation functions and both map R — RP~%, The ®
operation is the element-wise product.

Figure: https://lilianweng.github.io/posts/2018-10-13-flow-models/
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RealNVP

Now let's check whether this transformation satisfy two basic properties for a flow transformation.

Condition 1: "It is easily invertible.”

Yes and it is fairly straightforward.

{Yl:d = X1.d AN X1:d = Yid
Yi+1:p = X4+1:D ®© eXP(S(xlzd)) + t(xlzd) Xd+1:D — (yd+1:D - t(ylzd)) ®© GXP(—S(}’l:d))

Figure: https://lilianweng.github.io/posts/2018-10-13-flow-models/ 111



RealNVP

Condition 2: “Its Jacobian determinant is easy to compute.”

Yes. It is not hard to get the Jacobian matrix and determinant of this transformation. The Jacobian
is a lower triangular matrix.

I 04x(D-d)
J =

0y di+1:D

0X1.4 diag(exp(s(xl:d)))

Hence the determinant is simply the product of terms on the diagonal.

S

—d

det(J H exp(s(x1.4)); = exp( S(XI:d)j)
j

I
[

Figure: https://lilianweng.github.io/posts/2018-10-13-flow-models/ 112



Normalizing Flows

* Pros:
* Successful results in estimating high-dimensional densities
 Stable training compared to GANs
e Easier to converge compared to GANs & VAEs

e Cons:

* Latent space is not lower-dimensional than the input => may not be useful in
some applications (e.g., image compression)

* Fails in estimating the likelihood of out-of-distribution samples
* Invertibility may not be guaranteed in practice due to numerical imprecision
* Lower quality generation



Next Week

* (Deep) Generative Models
* Autoregressive models
 Variational AEs
* Flow Models
* Generative Adversarial Networks
* Energy-based Models
* Diffusion Models
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