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Announcements

* We will re-record last week’s lecture!
In the recording I’ll spend more time on Part 1 (Self-Supervised Learning) and mathematical background.

* The research papers are optional, not required reading.
Everything you need to know for the course is covered in the slides and exercise sheets.

 Regarding the exam: The exercises and notebooks should give you an idea on the nature of the exam!

We will have a guest lecture next week!

Diffusion-based
Generative Modeling:
Foundations and

Change of time and room! Applications

SpminCM13

Karsten Kreis Ruigi Gao
NVIDIA DeepMind
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Components of CS-461

i? 1. Lecture
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Code Assignments
gnoto: EPFL’s JupyterLab


https://www.epfl.ch/research/facilities/rcp/gnoto/

Last Lecture: Self-Supervised Learning

Self-Supervised Learning

/ ... Is the catalyst that powers foundation models
(until we discover the next one)

Supervised

AN

/

Unsupervised

N\
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Self-Supervised Learning Concepts

O S 0008
Contrastive Masking Autoregressive
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: preadiction
° Q N-pair cross-entropy MSE — meowed
!: rames I_\l—pair.lo_ss as mutual Masking methods approximate Autoregressive models optimize
information maximization - oseudo-likelihood optimization. the exact likelihood.
foNCE
between positive pairs. 1NTO
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Self-Supervised Learning Concepts

O S 0008
Contrastive Masking Autoregressive

T
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contrastive
cati y “The dog ___.”

“The [ mask | barked.” — barked neX;ltO!(en

: preadiction

° G N-pair cross-entropy MSE — meowed
Maximizes lower bound on log p(x|y), Masking methods approximate Autoregressive models optimize
implicitly learning log-likelihood ratios. pseudo-likelihood optimization. the exact likelihood.
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Self-Supervised

From Learning Principle to Architecture /

Important!

The self-supervision objective is not a training detail but the fundamental constraint
that shapes many architectural choices from attention patterns to encoder-decoder asymmetry.

1. Contrastive = Must compare — Needs batch/memory full
attention
2. Masked — Must see all = Needs bidirectional | | bidirectional
L masked
attention

3. Autoregressive = Must generate = Needs causality causal
attention
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From Learning Principle to Architecture /

The self-supervision objective is not a training detail but the fundamental constraint
that shapes many architectural choices from attention patterns to encoder-decoder asymmetry.

attention?
1. Contrastive = Must compare — Needs batch/memor,/ full
* Requires denominator with ma L ecture 5- attention
* Solution: Large batches (Sim (el CIglr<=1{lelalr-Tale M=1V]{[e[Iale W=1leTel - C)
2. Masked — Must see all & Needs bidirectional | bidirectional
+ Predict from full context: P (Zmask | Zunmasked) I maSk?d
attention
* Solution: Full attention patterns
3. Autoregressive — Must generate = Needs causality causal
+ Factorization chain: P(2) = [ [ p (2t | z<¢) attention

* Solution: Causal self-attention to avoid future leakage
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Self-Supervised

From Learning Principle to Architecture /

Important!

The self-supervision objective is not a training detail but the fundamental constraint
that shapes many architectural choices from attention patterns to encoder-decoder asymmetry.

1. Contrastive L.
Encoder + projection head

Encoder for comparing global features

2. Masked _
Encoder-decoder split that

Encoder | Decoder can be asymmetric

3. Autoregressive Unified decoder-only architecture

with causal masking

Decoder
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From Learning Principle to Architecture /

The self-supervision objective is not a training detail but the fundamental constraint
that shapes many architectural choices from attention patterns to encoder-decoder asymmetry.

Encoder? Decoder?
1. Contrastive J |

ralaction head
obal features

Lecture 5-9:

Architectures

2. Masked |
Encoder-decoder split that

can be asymmetric

3. Autoregressive Unified decoder-only architecture

with causal masking
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This Lecture: Unsupervised Learning

... and next ...
Supervised

AN

/

More specifically:  Unsupervised
Generative Al Learning
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Self-Supervised

/
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Unsupervised Learning

Goal: Discover structure in unlabeled data x. /
Unsupervised

Generative Modeling

discovers structure in unlabeled data
because it learns to model the underlying data distribution p(x) without requiring labels.

Key Insight: By learning to generate data, models must discover and encode
the rules, patterns, and relationships that govern that data
which is the structure.

9 nemfe Olafa?
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Learning a Generative Model

Generative models learn to capture the probability distribution p(x) and generate new samples from
that distribution.

pdata(m)

e
“closeness” Dy ( :13)

Unlike discriminative models that learn p(y | x),
generative models learn p(x) or p(x, y).

0 cO
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Four Philosophical Approaches owdowe fhs”

1. Autoregressive Models

“One step at a time.” X0 —m—’

2. Autoencoders
“Reduce to the essence and rebuild.”

Variational Autoencoder

- e
)Ctl

> Z

3. Generative Adversarial Models

“Fake it till you make it.”

forward

4. Diffusion Models

“Mess it up, then Ctrl+Z.”

( - 1
backward

0
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. Disclaimer: Generative Models in Context

We could easily spend an entire course on generative models.

We'll focus on what you need to know to understand and build modern foundation models:
 Fundamental paradigms that underpin different approaches of generative models approaches.
 Key trade-offs between quality, speed, and controllability.

 Why different architectures suit different scales.

* How these concepts combine into different architectures.

. Our Goal:

1. Master the complete toolkit of building blocks and design principles that architects use when
creating foundation models.

2. Give you the vocabulary and concepts to understand most generative architectures.
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Take Image Generation in GPT-40 v =tex @ visin

v v
Text Encoder Pixel + Seg.
Modern generative Al systems rarely rely on a single paradigm! | l
e e AR
Instead, they combine insights from VAEs, diffusion
models, and autoregressive approaches and more J
to achieve state-of-the-art performance. Diffusion
v !
Output =] Text :@): Vision
2021 DALL-E 1: Autoregressive over VQ-VAE image tokens. tmage / Video
_ _ _ _ Note: The architecture of GPT-40 has not
2022 DALL-E 2: Diffusion in latent space, CLIP-guided. been released, so we can only speculate

based on trends and capabilities.

2023 ¢ DALL-E 3: Improved diffusion, tighter GPT prompt integration.

2025 ¢ GPT-40: Back to autoregressive, i.e., sequential image generation, no longer diffusion.
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https://arxiv.org/pdf/2504.02782

Course Schedule

Week

Part |

1| Introduction and Overview

Week

Learning at Scale:
Supervised, Self-Supervised, and Beyond

Generative Models I:
Autoregressive, Adversarial, and Autoencoder

10

Generative Models lI:
Diffusion Models and Beyond
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Generative Modeling as Density Estimation

Learn p, to construct the “best” approximation of the underlying distribution p 4.,
given samples of dataset .

We want to find py that is as close as possible to the data distribution p ;-

pdata(m) Po (CIZ)
o
——
“closeness”

T

distributional distances

Kullback-Leibler Divergence Jensen-Shannon Divergence Wasserstein Distance

e.g., autoregressive models and variational autoencoders e.g., generative adversarial networks

CS-461 - Foundation Models and Generative Al Charlotte Bunne
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Conditional Generative Models

Core Concept: Control generation with additional information c.

po(z | c)
instead of pg ()

®
+ condition
How?
€.g., text promt | —  via Concatenation: |x, c] —
image @ e via Cross-Attention: x attends to ¢
class : E<8> » via Classifier Guidance: Vlog p(c|x)
e etc.
CS-461 - Foundation Models and Generative Al Charlotte Bunne
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Four Philosophical Approaches

1. Autoregressive Models

. -
“One step at a time.” X0 ‘m—’ At _m"

CS-461 - Foundation Models and Generative Al Charlotte Bunne
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Autoregressive Generative Models

Core Principle: At each step, predict the next element given all previous elements
— sequential prediction.

Key Ildea: Model the joint distribution by decomposing it into a product of conditionals
using the chain rule.

?’u/ eneral, work for
a”j[j//gjﬁ"/éuﬁon,a’ﬁj p(z) = p(x1, T2, ..., 2¢) = p(x1)p(r2|z1)p(T3|T1,22) . . . P(Tt|P<t)

om/e/"/\nj, no aggumlo]/éong/ . . . .
— reduce a hard problem, i.e., learning p(x), into a sequence of easier problems.

Maximum Likelihood Training ~ max log po(x) max logpg (z1,x2,...,2¢)

t
max z; log po (T; | T<;)
1=

Each term is just a standard

supervised learning loss!
CS-461 - Foundation Models and Generative Al Charlotte Bunne 22



CS-461

STRAT

Shared Parameters
One Model for All Positions

X| = Xy = X3 — ...

|
L N
V1 Y2 W

—GY 1

—)Xt

Erpicient ]

Autoregressive Generative Models: Parameterizations

STRATEGY 2
Parameters Factorized Parameters =~ Parameters
O(d?) Position-Specific Models O(t X d?)
X AX X} 41X X0, X3} «ov 1Xop X,
l ! d
d } }
Y1 Y3 .- Vi

e.g., RNNs (Rumelhart et al., 1985)
GPT (Radford et al., 2018) etc.

- Foundation Models and Generative Al

Charlotte Bunne

e.g., MADE (Germain et al., 2015)
NADE (Uria et al., 2016), etc.
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https://apps.dtic.mil/sti/tr/pdf/ADA164453.pdf
https://jmlr.org/papers/volume17/16-272/16-272.pdf
http://proceedings.mlr.press/v37/germain15.pdf
https://cdn.openai.com/research-covers/language-unsupervised/language_understanding_paper.pdf

Autoregressive Generative Models: Examples

Example from Language:
Generative Pretrained Transformer (GPT)

Radford et al., (2018)

1. ﬁ" 2 Autoregressive
Example from Vision: - .? MX © B Il
- 3 "
Image GPT (iIGPT) ¥ v
Chen et al., (2020) 000000000
1. Pre-process raw images by @ 0006
resizing to a low resolution and
reshaping into a 1D sequence. ““‘ ‘
o . . ! v
2. Train via auto-regressive next pixel
prediction. H Bl B H B B
Target

CS-461 - Foundation Models and Generative Al Charlotte Bunne
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Four Philosophical Approaches

2. Autoencoders

“Reduce to the essence and rebuild.”
Variational Autoencoder

CS-461 - Foundation Models and Generative Al Charlotte Bunne
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Autoencoders

Key idea: An autoencoder learns to compress data into a lower-dimensional representation
and reconstruct it.

Reconstruction Loss

L(0,¢) = [z — go(fo(2))|I° ﬁ g (fo(z))
|

Architecture:

<> |

Encoder: Jo ' X — 2 X L7
.e., J, maps data to latent code.

Decoder: J0 : £ — X
.e., gy reconstructs from latent code.

Latent space: 2
i.e., compressed representation of input space X .

CS-461 - Foundation Models and Generative Al Charlotte Bunne
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What is a Latent Space?

A lower-dimensional representation that captures
the essential factors of variation in data.

NNWwewd Wy
—worYafhOoOD
NSNOONY 0O we
“OL ety
B =00 %0~
NN anlw~00

NoePospol
WON WL — — ~

g
< F
L 1
&5
£ Y4
@ 4
o\
5]}

QOYOLTanhu~qQC

Properties: Rt A

e.g., latent space
of a linear autoencoder

e Compression, i.e., dim(Z) < dim(X) _, dimensionality reduction!
* Abstraction: Latent codes capture semantic meaning — discover meaningful representations!
 Manifold Hypothesis: High-dimensional data lies on lower-dimensional manifold.

CS-461 - Foundation Models and Generative Al Charlotte Bunne 27


https://n8programs.com/mnistLatentSpace/

Variants of Autoencoders

1. Denoising Autoencoders

Idea: Learn robust features by reconstructing clean data from corrupted input.

2. Masked Autoencoder (MAE)

Idea: Reconstruct randomly masked patches/tokens for efficient self-supervised pretraining.

3. Sparse Autoencoders

Idea: Encourage sparse latent representations for interpretabillity.

CS-461 - Foundation Models and Generative Al Charlotte Bunne
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Autoencoders: The Generation Problem

Standard autoencoders fail at generation because
seen data samples

O

X — Decoder X
® meaningless

\

How to get a valid z,.,”

S led
nciple
1. No probabilistic framework: Everything is deterministic. We ed 0 ’ormCF /
2. Irregularities in latent space, e.g., holes. Only encodes training points. / T’C p P,Oaclﬂ.
3. No sampling mechanism: What distribution to sample z from? Prob“b' >

CS-461 - Foundation Models and Generative Al Charlotte Bunne 29



Excursus: Maximum Likelihood Learning

Before introducing probabilistic versions of autoencoders, we need to understand
the theoretical foundation for learning distributions.

Goal: Given samples from unknown distribution p4..,, learn model parameters 6 such that py & p ...

— We need a measure of distance between p,and p ..,/

pdata(x) pPo (x)

CS-461 - Foundation Models and Generative Al Charlotte Bunne
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Excursus: Kullback-Leibler Divergence

Definition: Measures how much one distribution differs from another.

Kullback-Leibler Divergence or KL Divergence
: p(x)
Dkr, (pHQ> = Bg~p 1Og
T q(z)
Properties: Interpretation: Information Extra bits needed to encode
theory: samples from p using optimal
Always non-negative: Dy (p|lg) = O. code for g.
Statistical: Expected log ratio of probabilities.

Zero if and only if p = g almost everywhere.

Not symmetric: Dy (pllg) # Dk (qlIp).- Geometric: Elj)tt SSZ]EJU? ;jniz’;asnucig.(not symmetric),

CS-461 - Foundation Models and Generative Al Charlotte Bunne 31




Excursus: Maximum Likelihood Learning

Goal: Given samples from unknown distribution p,..,, learn model parameters 6 such that py & p ...

We want to minimize the distance between true data distribution and our model, i.e.,

m@in Dx1, (Pdatal||Do)

Expanding the KL divergence

Pdata (CC)
po(z)

|

DKL (pdataHPH) — twr\/pdata 10g

<1j'ajfvpda,tau [1ngdata ('ZE)] - <1j'ajf\’pda,ta [logpe (x)]

independent of 6

CS-461 - Foundation Models and Generative Al Charlotte Bunne




Excursus: Maximum Likelihood Learning

Goal: Given samples from unknown distribution p,..,, learn model parameters 6 such that py & p ...

We want to minimize the distance between true data distribution and our model, i.e.,

m@in Dx1, (Pdatal||Do)

Key Insight: Minimizing KL divergence is equivalent to maximizing expected log-likelihood!

Maximum Likelihood « argmin Dkr, (Pdatallpe) = argmaxE,, . .. [logpe(x)]
Estimation (MLE) 0 0

N
. . . 1
In practice, we approximate the expectation arg max — E log pg (33@)
with our finite dataset. 0 NN 4 -

1=

CS-461 - Foundation Models and Generative Al Charlotte Bunne
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Autoencoders: The Generation Problem

Standard autoencoders fail at generation because
seen data samples

O

X — Decoder X
® meaningless

\

How to get a valid z,.,”

S led
nciple
1. No probabilistic framework: Everything is deterministic. We ed 0 ’ormCF /
2. Irregularities in latent space, e.g., holes. Only encodes training points. / T’C p P,Oaclﬂ.
3. No sampling mechanism: What distribution to sample z from? Prob“b' >

CS-461 - Foundation Models and Generative Al Charlotte Bunne 34



Variational Autoencoders Kingma et al., (2014)

Variational autoencoders solve the generation problem of autoencoders by combining two ideas:

1. Probabilistic Encoding: Instead of mapping each input to a single point, map it to a distribution.
2. Regularized Latent Space: Force the latent space to have a known structure we can sample from.

1. outputs 2. sample 3. Generate by sampling
distribution parameters: s~ N (,U(fl’?)a a2 (m)) >~ _/\[((), [)
and decode

— H¢ (:E ) Probabilistic ~
A — < Decoder X

— 0y(7)

qe(z|T) po(z|z)
> 4. encoded
p(z) =N(0,T1) distributions to be close

to prior N (0, I)

CS-461 - Foundation Models and Generative Al Charlotte Bunne 35


https://arxiv.org/pdf/1312.6114

Variational Autoencoders

Latent Space in an Autoencoder Latent Space in a Variational Autoencoder

— continuous latent space

CS-461 - Foundation Models and Generative Al Charlotte Bunne
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Variational Autoencoders

We want to maximize the log-likelihood of our data log py(x).

But with latent variables, this requires marginalizing

log pe () = log / po( | 2)p(2)dz

What we have:
e p(2) = N (0,]), i.e., a simple known prior.

e Py(x|2) = , l.e., a complex non-linear neural network. — No analytical
solution exists!

: ./\/’(()7]) Ay — ?79? Approximation
A/_/

through sampling
N— not differentiable.

simple prior I

etc. /prob/e/m-

CS-461 - Foundation Models and Generative Al Charlotte Bunne 37
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Derivation: Evidence Lower Bound (ELBO)

We want to maximize the log-likelihood of our data log py(x).

But with latent variables, this requires marginalizing

/f /4/ 1ng9 (x) — lOg ZPH (LIZ‘, Z) — 10g ZPQ (ZC\Z)p(Z) "Which latent codes actually
ricr. N -

generated this data?”

Key ldea:

Introduce a distribution g,,(z | x) that tries to guess G (z|z) "Our best guess which latent

. _ _ codes generated this data"
which z values are likely for a given x.

CS-461 - Foundation Models and Generative Al Charlotte Bunne 38




Derivation: Evidence Lower Bound (ELBO)

Given the marginal likelihood po(x) = /pg (x, 2)dz

For any distribution q¢(z | x) (any distribution with support covering that of pg(z | x),
we can write

qo (2 | )
po(x, 2)

dz
qy(z | T)

Now take the log log po(x) = log/q¢(z | x)

Using the factorization pg(x, z) = pg(x | 2)p(2), we get
po(x | 2)p(2)
= log/q¢(z ) dz
qp(2 | )

g (z]x) _pﬁ(x | Z)p(Z)
UL qe(z )

Finally, recognize this as an expectation

= log

CS-461 - Foundation Models and Generative Al Charlotte Bunne

= /pe(%Z)dZ = /qu(z | ) P\t %) g,
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Derivation: Evidence Lower Bound (ELBO)

. po(z | 2)p(z)
10gp9 ($) — lOg Lo (zlx
q¢ (z|T) _ ng(z|$)
Since log is concave, givesus logE|X]| > E[log X
X po(z | z)p(z)
Therefore log pg (37) > K, (212) [10g
qu(\)_ Q¢(z\x)
S te the t > TR 1 ” 1 p(z)
eparate tne terms — g (2]x) [ngg(il? | Z)] “q¢ (2|T) O& ng(z | ZB)
i _
ELBO _DKL(CIQb(Z‘x)Hp(Z))

L(9,0) =Eqy,(22) logpe(x | 2)] — Dk (g4(2 | 2)||p(2))

CS-461 - Foundation Models and Generative Al Charlotte Bunne




Variational Autoencoders

Since we cannot compute 1log p,(x) directly, we optimize the ELBO instead.

O
D L(¢,0) =Eqy,(z12) logpe(x | 2)] — Dxr (g6(z | z)||lp(2))
LL
%/_/ ————
Reconstruction term Regularization term
_ "How well can we “"How close 1s our encoding
Why Is This Useful? reconstruct x from z?” distribution to the prior?”

1. It's tractable! -+ Reconstruction: Sample z from P evaluate log py(x| z).
KL term: Often has closed form (e.g., for Gaussians).

2. Itis alower bound:
« Maximizing ELBO pushes up the likelihood log pg(x) > L(6, ¢).

» The gap equals Dy (q,(z | X)||pe(z ] x)).

CS-461 - Foundation Models and Generative Al Charlotte Bunne
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Variational Autoencoders

To train our VAE, we need to compute gradients of the ELBO with respect to @,
l.e., parameters of the encoder.

VoLl =VgE, .12 logpe(z | 2)] — Ve Dxr (q4(2 | x)||p(2))
ﬁf—/

has a closed form

/proble“"-l — the distribution we are sampling from depends on ¢
and sampling is not differentiable

python

mu, sigma = encoder(x)

z = random.normal(mu, sigma)
X_recon = decoder(z)

CS-461 - Foundation Models and Generative Al Charlotte Bunne
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Variational Autoencoders: Reparameterization Irick

Key Insight: We can express the same random variable in a different way!

Trck!

Why does this help?

Instead of 2~ N (,u, 02)

we write z=pu+o0®¢  where e ~ N(0,TI)

 The randomness is now In €, which does not depend on parameters.
e ZIs now a deterministic function of i, o, and €.

* We can compute gradients with respect to ¢ and o'

CS-461 - Foundation Models and Generative Al Charlotte Bunne
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Variational Autoencoders: Putting Everything Together

Strengths:

* Principled probabilistic
mu, log_var = encoder(x) framework.

std = exp(0.5 * log_var) « Tractable training via ELBO.
 Smooth, interpolatable latent

epsilon = randn_like(std) Space.
z = mu + std * epsilon * Fast generation after training.

1
2
3
4
5
6
/
8
9

Limitations:

* Blurry reconstructions as Gaussian
likelihood assumption leads to

X_recon = decoder(z)

recon_loss = -log p(x|z) averaging behavior.

kl_loss = 8.5 * sum(muAZ + exp(log_var) - log_var - 1) - Posterior collapse: Encoder ignores
input and outputs prior.

loss = -(recon_loss + beta*kl_loss) » Reconstruction (f < 1) vs.

generation trade-off (f > 1).

CS-461 - Foundation Models and Generative Al Charlotte Bunne 44



Variants of Variational Autoencoders

1. VQ-VAE

2. VAE-Diffusion Hybrids

and more ...

CS-461 - Foundation Models and Generative Al Charlotte Bunne
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Four Philosophical Approaches

3. Generative Adversarial Models

CS-461 - Foundation Models and Generative Al Charlotte Bunne
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Generative Adversarial Networks

GANSs take a radically different approach: instead of explicitly modeling p(x),
learn to generate samples through a competitive game.

Two Players:
» Generator g, Creates fake samples from random noise.

o Discriminator f¢: Binary classifier that distinguishes real from fake. X

Z, Generator X — —

The Game:
e gytriesto foolf¢ by generating realistic samples.

. f¢ tries to correctly classify real vs. generated.
At equilibrium: g, generates perfect samples, f¢ outputs 0.5 everywhere.

Goodfellow et al., (2014)

CS-461 - Foundation Models and Generative Al Charlotte Bunne
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Generative Adversarial Networks: Objective

The GAN objective is a two-player minimax game
Minimax Objective

in V(g 69) = Errpyurs 108 fo(2)] + Expie) l08(1 = fo(g0(2)))]

Discriminator f,'s Objective:

o | :f_og f¢ (:L‘)] — Reward for correctly identifying real data as real.

* Ellog (1 — fo (g9(z)))| — Reward for correctly identifying generated data as fake.
» Optimal strategy: Output fy(real) = 1 and f,(fake) = 0.

Generator g,'s Objective:

At Equilibrium:
e Can only influence the second term through g,4(z). Do =p
* Po— Pd
» Wants (89(2)) — 1, i.e., generated samples classified as real. o .ata
. , _ N e Discriminator outputs
* This drives the second term negative, reducing the discriminator's score. 0.5 everywhere.

CS-461 - Foundation Models and Generative Al Charlotte Bunne
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Generative Adversarial Networks: Mode Collaps

Step O Step 5k Step 10k Step 15k Step 20k Step 25k Target

Mode collapse: Generator produces limited diversity, mapping all noise to a few outputs.

Why it happens?
1. Local optimization: Generator finds it easier to perfect one mode than cover all modes.

2. Discriminator Overfitting: If f¢ IS too good, gradient for g, vanishes except at specific points.

3. No Explicit Diversity Term: Unlike VAEs, no KL regularization forcing coverage.

Metz et al., (2017)

CS-461 - Foundation Models and Generative Al Charlotte Bunne 49
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Excursion: Jensen-Shannon Divergence

Definition: Symmetric version of KL divergence.

Jensen-Shannon Divergence

1 1
Djs(pllq) = §DKL(pHm) | QDKL(C]Hm)

1
where m = 5(1? + q).

Why not use directly Dy (p||lg) or Dyy (qllp)?
Properties:

— Dy is assymetric and not defined

Symmetric, i.e., Dy(pllq) = Dys(qllp). if p puts mass where g = 0.

Bounded: 0 < Dis(plig) < log2 — Common ground distribution

Di(pllg) = Oifand only if p = gq. where both p and g are absolutely
continuous IS needed, 1.e., mixture m.

CS-461 - Foundation Models and Generative Al Charlotte Bunne
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Generative Adversarial Networks: Theoretical Analysis

The Optimal Discriminator: Solving H}?;X V(f6,90) for afixed generator 9o,

data (T
the optimal discriminator is defined as [ () = Pdata (Z)

Pdata(T) + Pge ()

Substituting into V(f,, g):

* 5 _ Pdata (33) _ 5 _ Pgo (33) _
V f y90) = Lx~pyaca lOg T Ban g lOg
(J3:90) = Eonnune |8 o)+ p@ | 0 | b () + @),
| | 1
Let’s rewrite thisas m(x) = 5 (Pdata () + pg, ())

and expand the logarithms

<

— <1:ajfvpdaﬁca [logpdata (.CE)] o 4:$diata [log Qm(x)] _I_ tiUNpg@ [logp.QQ (ZE)] o {"mNpQQ [log Zm(x)]
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Generative Adversarial Networks: Theoretical Analysis

Lz ~Pdata [log Pdata (37)] —

Recognizing KL divergences:

The log 2 terms:

Key Result:

Training GANSs is equivalent
to minimizing JS divergence!

CS-461 - Foundation Models and Generative Al

e mpaanra 108 2M(x)| + Epnp,  [log pg, (z)] — Eznp, [log2m(z)]

<1:a?’\“pda,tau [logpdata (x)] - 4:$diata [logm(x)] — DKL (pdata Hm)

<

Lz~opg, [1ngge ($)] — 4396~ng [logm(aj)] = Dk, (pge Hm)

—Eonpiaia 1082] — Eznp, [log2] = —log2 —log2 = —2log2 = —log4

|4 (fgagH)

—log4 + D, (pdataHm) + DL (pge Hm)

— 10g4 + 2 - DJS (pdata Hpge)

Charlotte Bunne 52



A Distribution-Based Perspective on Generative Adversarial Networks

Key Result:
Training GANSs is equivalent to Pdata(Z) po(x)
minimizing JS divergence! ®
HliIl DJS (pdata ||pge> D Y
ge
Dy

Core Issue: When the real and generated distributions do not overlap,
JS divergence becomes constant, i.e., log 2 (its maximum value).

Gradient with respect to generator parameters V,D;q = 0.

No learning signal!

CS-461 - Foundation Models and Generative Al Charlotte Bunne
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Excursion: Wasserstein Distance

Definition: Minimum expected cost to transport mass from one distribution to another.

Wasserstein Distence

Wilp,q) = 1nf E. . o~ —
1(p, q) mf By W[U yll]

v
¢, distance as cost function

y: joint distribution that describes how to transport mass from p to g.
I1(p, g): set of all valid joint distributions whose marginals match p and g.
|x — y||: cost of transporting a unit mass from location x to location y.

v(x, y) represents the amount of probability mass moved from point x to point y.

CS-461 - Foundation Models and Generative Al Charlotte Bunne
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Excursion: Wasserstein Distance

Definition: Minimum expected cost to transport mass from one distribution to another.

Wasserstein Distence

|14 9 — Int 4::13 ~ -
1(]? Q) Wéhn(qu) (z,y) W[Hx yH]

¥y must satisfy marginal constraints:

. Jy(x, y)dy = p(x), i.e., integrating out y gives back p.
. Jy(x, y)dx = q(y), i.e., integrating out x gives back g.

Key advantage:

Provides meaningful gradients even when distributions do not overlap.

CS-461 - Foundation Models and Generative Al Charlotte Bunne
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Excursion: Wasserstein Distance

Dual of the Wasserstein Distance:

Lagrange duality transforms the constrained optimization over y
into an unconstrained maximization over 1-Lipschitz functions.

Kantorovich-Rubinstein Duality
Wip,q) = sup (Eqvplf(2)] — Eyqlf(y)])

I fllo <1
where ||f][; < 1 means fis 1-Lipschitz. dual -
e o
f. dual potential function. o m . g=~Ff
1-Lipschitz: | f(x) — f(y) | < [[lx — ]|, O
l.e., function canot change too rapidly. - -
sup: Find the f that maximizes the difference. 0

CS-461 - Foundation Models and Generative Al Charlotte Bunne 56




Wasserstein Generative Adversarial Networks

Classic GAN H;;n max Crmopants 108 fo ()] +E,opiz) log (1 — fo (90(2))))
@

Wasserstein GAN (WGAN)

min max Eeopg,.. [fo(2)] —E.ope) [fs (90(2))] @
9o |foll <1 Do ~p2) >
<
Interpretation: Ddata ()
* Discriminator — Critic: 9
Outputs real values, not probabillities. ‘
* Must enforce: 1-Lipschitz constraint, —
e.d., via weight clipping, gradient penalty, etc. W,

Arjovsky et al., (2017)
CS-461 - Foundation Models and Generative Al Charlotte Bunne
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Four Philosophical Approaches

e@k -
/\/ e)‘f W
4. Diffusion Models |

forward

“Mess it up, then Ctrl+Z.”

backward

CS-461 - Foundation Models and Generative Al Charlotte Bunne
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Role of Generative Al in Foundation Models

Generative Modeling
as Self-Supervision

Principle:

Predicting unobserved from observed
provides unlimited training signal.

Key Insight:

(Generation forces models to learn

structure, not just correlations.

CS-461

- Foundation Models and Generative Al

Ke)

o

Generative Models
as Architectural DNA

Generative Al
spans the entire FM
building block stack!

l.e.,

tokenization,
core architectures,
learning principles,

and more.

Charlotte Bunne

From Representation
to Simulation

Traditional models:
Learn representations
— what iIs!

Generative models:
Enable simulation
— what If!
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Why Generative Training Produces "Foundation" Capabilities

1. Compression Requires Understanding
To predict/generate accurately, must learn underlying structure.

2. Self-Supervision Scales
Generation provides unlimited training signal from raw data.

3. Emergence from Scale
Generative objectives + scale — capabilities not explicitly trained.

4. Conditional Generation = Universal Interface
p(output | prompt) handles any task.

Warao{/ﬁm ;4// 7 /

We don't train models to do tasks anymore: we train them to model
data distributions, and tasks emerge as conditional generation.

CS-461 - Foundation Models and Generative Al Charlotte Bunne
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This Week’s Papers

E
—] No readings this week!

CS-461 - Foundation Models and Generative Al

Charlotte Bunne
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This Week’s Exercise Sheet

@ Only code exercises this week!

ofe

Va
vV a

CS-461 - Foundation Models and Generative Al Charlotte Bunne
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This Week’s Code Demonstration

>—

Exploring Contrastive Learning with SImCLR (follow-up from last week): Hands-on
implementation and exploration of the SImCLR framework.
— Jupyter notebook exercise

Exploring Self-Distillation with BYOL: Hands-on implementation and exploration of
the BYOL framework.
— Jupyter notebook exercise

Exploring Redundancy Reduction-based Learning with Barlow Twins: Hands-on
iImplementation and exploration of the Barlow Twins framework.
— Jupyter notebook exercise

CS-461 - Foundation Models and Generative Al Charlotte Bunne
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CS-461
Foundation Models and
Generative Al

W”WW/

CS-461 - Foundation Models and Generative Al Charlotte Bunne
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