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Generative Models llI:
Recap on Generative Models and Generalizations

Charlotte Bunne, Fall Semester 2025/26



Announcements

Language Foundation
Model:

» Half of the lecture next week is a guest lecture!
From GPT to Apertus

Imanol Schlag
ETH Zurich

* Traveling for Lecture 13 and 14:
 For Lecture 13: Guest Lecture on Zoom from 2 to 3 pm!
* For Lecture 14: PostDoc Linus Bleistein will give the class.

 Assignment 1 is due next Wednesday at 23:59 pm!
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Four Philosophical Approaches

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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Week 5’s Exercise Sheet

ofe

vV a

Denoising Diffusion Probabilistic Models:

Derives the DDPM training objective from the ELBO, showing how Gaussian forward/
posterior kernels lead to a simple noise-prediction MSE, the epsilon-parameterizations,
sampling updates, and why uniform (“simple”) loss weighting improves low-SNR steps.

From Forward Diffusion to Denoising Score Matching:

Takes the small-step noising limit to a continuous SDE, states the reverse-time SDE with
the (intractable) marginal score, then replaces it with the tractable conditional score to
get the denoising score matching (DSM) objective, and contrasts SDE with discrete
DDPM training.

CS-461 - Foundation Models and Generative Al Charlotte Bunne



Week 5’s Code Demonstration

>—

Implementing DDPMs from Scratch: Build and train a noise-prediction DDPM on 2-D
moons (with and without class conditioning); visualize forward/backward processes and

sampling quality.
— Jupyter notebook exercise

Stable Diffusion & CFG with diffusers: Recreate the SD pipeline (VAE, UNet, text
encoder, scheduler), then run classifier-free guidance and study how the guidance scale

S steers generations.
— Jupyter notebook exercise

CS-461 - Foundation Models and Generative Al Charlotte Bunne



Generative Al and Foundation Models

Toward (Generative) World Models

e.g., DeepMinds’s Genie 2 or 3

Proto-engine for generating
video games on-the-fly.

CS-461 - Foundation Models and Generative Al Charlotte Bunne | 7


https://deepmind.google/discover/blog/genie-3-a-new-frontier-for-world-models/

CS-461
Foundation Models and

Generative Al

Tokenization and Building Blocks
of Foundation Models

Charlotte Bunne, Fall Semester 2025/26
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1 Tokenization

caw input - token Building Blocks
Segment raw input into tokens suitable for the model. & Com ponents

Transformers: subwords, image patches, etc.

Positional / Structural Encodings 5 Nonlinearities

pos/structure - encoding o (x)

Inject order or topology information. Introduce non-linearity and gating.

Transformers: sinusoidal, learned, rotational, etc. Transformers: GelLU, SiLU, etc.

CNNs an RNNSs: spatial/sequence order implicit. Other architectures: Rel U, etc.

Linear Projections Normalization & Stabilizers

vy = Wx + Db normalize (x)

Apply dense projections to transform hidden states. Stabilize training and enable deep stacks.

Transformers: Q/K/V/O projections, FFN expansion/projection. Transformers: LayerNorm, RMSNorm, dropout, residual scaling.

CNNs: BatchNorm, GroupNorm.

Context Mixing Operator

context—-aware 1nteractions

7 Residual Connections

Exchange information across tokens. y = x + F(x)
Provide gradient highways and enable very deep networks.

Transformers: multi-head self-attention, cross-attention.
CNNs: convolution (local receptive fields). Transformers: residuals everywhere.
RNNSs: recurrence/state updates. CNNs: ResNet-style skips.



TRANSFORMER EXPLAINER Examples v  Data visualization empowers users to create SEnmenmg Temperature Sampling © Top-k @ Top-p

0.8 k=5
Try the examples while GPT-2 model is being downloaded (600MB)
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em Key em
Data make
visualization
powers em powers ,
powers easily
users
users 9 users quickly
to to to explore
o |
Query O Out find
. Data @
visualization understand
em ‘
powers
users build
to
better
Attention ®_ S
identify
Value
Data take
visualization .
em visually
powers
users
to analyze
discover

Head10f12 | < || >
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https://poloclub.github.io/transformer-explainer/

TRANSFORMER EXPLAINER Examples v Data visualization empowers users to see Generate Temperaturee | Sampling °T°p-kk ;Op_p @ > O

1 Embedding ®

Token Positional
Tokenization Embedding Encoding
= Id position =
Data 6601 T 0 T =
visualization — 32704 + —1 -
powers = 30132 + = 3 - =
users = 2985 + 4 -
to — 284 + — 5 -

Token Embedding X

Tokenization splits input text into tokens—small units like words or
parts of words. GPT-2 (small) has 50,257 token vocabulary, each
with a unique ID.

In the token embedding step, every token is matched to a 768-
number vector from a large lookup table. These vectors are learned
during training to best represent each token’'s meaning.

< — 5/20 >

CS-4



What is a Token? 1

Token

A token in Al is a unit of information that serves as the basic processable element in a system.

200000
pixels

Why can’t neural networks just process raw data directly? |
 Raw inputs are extremely high-dimensional — massive parameter count, poor generalization.
* |nput needs to be number-based and consistent.

— Neural nets need structure and compression before reasoning can begin.

Tokenization provides this structure!
Tokens group raw signals into meaningful units and 0
act as the interface between raw data and learned representations. 1

CS-461 - Foundation Models and Generative Al Charlotte Bunne 13



Tokenization Concepts 1

We define a tokenization function 7 : X — Z, where X is our input space (e.g., text, images, etc.)
and Z is our token space (Z for discrete, R for continuous).

1. Pre-Defined Tokenization, i.e., fixed rules that define tokenization.

e.g.,
for text with vocabulary V: 7 :string — {1,2,...,|V]|}",
HW
for images with patch size p: 7 : R?PXWXC RNX(P*O) N = — denotes the number of patches.
P

2. Learned Tokenization, i.e., the model discovers its own units.

e.g., VQ-VAE codes, adaptive patches, tokenizer-free models, etc.

Key Idea: From hand-crafted discretization — to self-discovered abstractions.

CS-461 - Foundation Models and Generative Al Charlotte Bunne 14



Requirements on Tokenization Functions

Tokenization as a bijective function (for lossless tokenization):

Encode: 7: 2% — V*

Decode: 77! : V¥ —» X*
where 2 is our original alphabet and V' is our vocabulary.

For lossy tokenization (like image patches), we have:

Encode: 7: X —> Z

Decode: 771:Z > X

where X ~ X but information is lost.

CS-461 - Foundation Models and Generative Al Charlotte Bunne

Key Properties We Want:

Stability:

Small changes in input
— small changes in
tokenization.

Efficiency:
Average token sequence length
IS minimized.

Universality:
Can handle any and even new
INputs.

Learnability:
Token boundaries align with
semantic units.

15



Role of Tokens in Foundation Models

Tokenization is not a new concept, the term goes back to compiler design in the 1960s,
and to information retrieval in the 1970s.

In early deep learning, tokenization was an engineering step to make data compatible with models.

@o ma N / /
\7 In foundation models, tokenization became part of the model’s representation design.
It no longer only prepares data: it defines how different modalities can be expressed and connected.

By translating all modalities into a shared set of tokens,
models learn a common discrete language of the world
— a prerequisite for multimodal alignment and joint reasoning.

CS-461 - Foundation Models and Generative Al Charlotte Bunne 16



Language Tokenizers

Traditionally, operated over words ...

?’/ow fo deal it

}_of -vocabule wrts

<UNK>

We can operate over characters

e.g.,, ‘don’'t”

but you have ambiguity of the word boundaries,

.. It Is not typically applicable to languages without spaces, and
.. It treats different forms of the same word as separate types.

e.g., “talk” “talks” “talked” “talking”

.. small vocabulary and solves the out-of-vocabulary problem.

ﬁu]/‘ , ]%e /efﬁ]% of ]%e /'nlnu]L increases ra/nmf/y/

Instead, we can operate over subwords ... with more meaningful individual tokens,

CS-461 - Foundation Models and Generative Al

... reduced impact of the out-of-vocabulary problem, and
... a manageable vocabulary size.

Charlotte Bunne
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Language Tokenizers: Byte Pair Encoding

1990: Data compression algorithm.

2015: Tokenizer for neural machine translation.

How?

1. Start with characters as the base vocabulary.

2. lteratively merge the most frequent character pairs.

3. Stop after a predetermined number of merges.

... used in GPT-2 and
GPT-3, LLaMA,
Mistral and Mixtral

Senrich et al., (2015)

Charlotte Bunne

Tokenizer
[30642, 7509]

Charlotte Bunne
24453, 11404, 28515, 710]
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Language Tokenizers: WordPiece

Byte pair encoding is essentially a greedy algorithm for grammar induction.

Dhrobjem/

This results in inconsistent tokenization. 123 12345 1234 45 45

For example, each digit sequence Is (10163, 17031, 2231, 1105, 2682, 4153, 41531
tokenized differently.

WordPiece ... usedin BERT (Wu et al., 2016)

Pointwise mutual information

Merge the pairs based not only on frequency, freq(ab)
but also how frequent elements are individually. Score(a, b) —

INd

freq(a) x freq(b)

## Indicate continuation

[CLS1123123##45123##44545[ SEP] — BPE uses frequency,

[101, 13414, 13414, 21336, 13414, 1527, 2532, 2532, 102] WordPlece uses likelihood.

WordPiece tends to yield smaller, more semantically consistent vocabularies but is slower to train.

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

P

- ' Hugging Face

CS-461 - Foundation Models and Generative Al

The Tokenizer Playground

Experiment with different tokenizers (running locally in your browser).

gpt-3

Hello World!

TOKENS CHARACTERS

3 12

Hello World!

Q© Text  Token IDs

Charlotte Bunne

Hide

1
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Vision Tokenizers: Fixed Patch Tokenization 1

¢ ¢ While the Transformer architecture has become the de-facto standard for natural language processing
tasks, 1ts applications to computer vision remain limited. In vision, attention 1s either applied 1n
conjunction with convolutional networks, or used to replace certain components of convolutional
networks while keeping their overall structure 1n place. We show that this reliance on CNNs 1s not

necessary and a pure transformer applied directly to sequences of 1mage patches can perform very well
on 1mage classification tasks.

CNNs: Operate on raw pixels.

Vision Transformers:. Require tokens!

Treat an image like a sequence of words.

Dosovitskiy et al., (2021)
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Vision Tokenizers: Fixed Patch Tokenization 1

Tokenize images to make them
Transformer-compatible.

Given image I € RF*XWXC
ReShape RHXWXC — RNX(P2C)

2
Linear projection E : RF7¢ —» RP
to extract features from raw pixels.

HW g 000000 00 C

N = patches,

2
_ P ) | Linear Projection of Flattened Patches
with O(N~) attention.
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Vision Tokenizers: VQ-VAE

Vector-Quantized Variational Autoencoder (VQ-VAE) represents a fundamentally different approach:

Goal: Instead of fixed patches, compress a continuous image x into a sequence
of discrete latent tokens, i.e., a learned vocabulary of visual concepts.

Codebook | L 1L 11 IT 1 Representation is discrete,

Encoder:
er||ez(les| || lex| |- ex]  each patch becomes a token ID.

Maps x into continuous latent
features z,..

Vector Quantization:

A\

z, is replaced by its nearest A - = a1 Decoder X
codebook entry ¢;. es3
Decoder: g (Ze ‘ 'CC) “e (:E) “q (CE‘) Pe (m‘ZQ)

Reconstucts x from quantized

representation 2y

1 if k = argmin; ||z.(x) — €;]|,
q(z=ep | x)= .
(van den Oord et al., 2017) 0 otherwise
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https://arxiv.org/pdf/1711.00937

Vision Tokenizers: VQ-VAE

Latent Space in a Latent Space in an
Variational Autoencoder VQ Variational Autoencoder

vector
quantization

—_—

Ramesh et al. (2021) in DALL-E the first to use the VQ-VAE code indices as a tokenizer for images.
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Revealing continuum Dynamic gene

Tokenizers in Biology slodirnam e lmten

Differentiation @

So far, we have covered cell = ® ~  ~
how to tokenize text and images ... —® ® O (o) Ageing o)
®
chromosomes Disease CONSRN W
But how to tokenize {4 progression * @

(e.g., cancer)

complex systems
such as biology?

In silico perturbation

W=7 ’
//\\

,,,/,/// ! // Development

trajectory
® >

Potential

o treatment
0y >

% DNA
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Tokenization in Biology

Cellular building blocks, environments, ... ... behavior, and dynamics.

(Bunne et al., 2024)

Molecular scale Cellular scale Multicellular scale

tlSSUe @ cell division
@ responses to

DNA
extrinsic
<« )/ &intrinsic
target perturbations
™M RNA @
K%

receptor
95 @C@ ©
ligand
molecular cellular \/E/\ Q>
protein interaction interacti on cell ),

differentiation

cell

~&*% metabolites . — migration
spatial organization
Tokenize across Biological Scales and Modalities ... ... and Time
Tokens on Molecular Scale Tokens on Cellular Scale  Tokens on Multicellular Scale t() t1

ona - [ DR ] BN 7 B

RNA \ B 08 .l .l
proteiln . . -

seguences _/ L structures L gene expression counts L images

CS-461 - Foundation Models and Generative Al Charlotte Bunne
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https://www.cell.com/cell/fulltext/S0092-8674(24)01332-1

Tokenizers In Blology .)V BUNNE LAB
{ jo/nﬂ&/

DNA Proteins Cells
, B protein imaging
N S . .
\/K/ -0 structure intensity tokens
(/ A g:-\) 0 tokens

‘@ expression “_

.|
H
1

_ BE B _ 0009 B8 tokens
k-mers amino acid tokens
tokens
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Toward an Al Virtual Cell

CS-461

Cellular building blocks, environments, ...

Molecular scale

Cellular scale

Multicellular scale

Y— tlssue @
(<P
© MDA pna @
1)
-~
7
> target receptor
= MMM RNA @ @
M
ligand
molecular cellular
@ protein interaction mteractlon
o™ metabolites . .
spatial organization
Building the Al Virtual Cell through Universal Representations...
Molecular scale Cellular scale Multicellular scale
TONA ~ e.g., phenotypic readouts Modeling spatial interactions
é from imaging and omics and cell-cell communication.
@
— ° MDY molecular cellular
8 \_ , Universal Universal
- T RNA ™\ Representation l_lepresentation
- C B
£ |l :
> - 0 multicellular
E Universal
E E Representation

MVRGQVFDV protein
EGAYGMVCSAY
&

Foundation Models and Generative Al

Charlotte Bunne

(Bunne et al., 2024) 1

... behavior, and dynamics.

cell division
responses to
extrinsic
<« & intrinsic

perturbations

2 @,

dlfferentlatlon

cell
migration

e.g., for the cellular scale

... and Virtual Instruments.
Manipulator

Virtual Instruments @W

unperturbed * e.g., chemical or >
cellUR genetic perturbation

perturbed
cellUR
O

cellUR E e.g., changesin

henotype
o . F || p yp

Decoder Virtual Instruments

I_’ 28


https://www.cell.com/cell/fulltext/S0092-8674(24)01332-1

TRANSFORMER EXPLAINER Examples v Data visualization empowers users to create [ERSNN  'cmperature 2 plng. O 10Bs & 10hD

0.8 k=5
Token Positional
Tokenization Embedding Encoding
[o position
Data . 6601 T 0
visualization = 32704 4 1
em — 795 2
powers = 30132 3
users = 2985 4 —
to — 284 5
Positional Encoding X

Word order matters in language. Positional encoding gives each
token information about its place in the sequence.

GPT-2 does this by adding a learned positional embedding to the
token's embedding, but newer models may use other methods, like
RoPE, which encodes position by rotating certain vectors. All aim to
help the model understand order in text.

CS‘LI-DI - rouriudLuoll IiviOucelios diiu aclicidilive Al ulhialriowe Duliinie 29



Why Positional Encodings?

Problem: Neural networks are order-blind.
Networks treat inputs as a "bag of tokens" with no inherent position awareness: .

a_tell' “-the”' llthell}
a_tell' ll_thell’ llthell}

"The cat ate the mouse” = {"cat", "mouse",
"The mouse ate the cat" = {"cat", "mouse",

— Same tokens, same processing.

— Most neural operations are permutation equivariant,
network cannot distinguish different orderings.

Positional
Encoding

Idea: Add unique position information to each token.

final_embedding[i] token_embedding[i] + position_encoding[i]

Inputs

CS-461 - Foundation Models and Generative Al Charlotte Bunne 30



Why Positional Encodings?

How?

simple index X — unbound growth.

one-hot X — cannot extrapolate to different lengths.

sinusoidal

Requirements:

rotary @ @ @ @ 1. Unique: PE(1) # PE()).
02 0= =] Bounded: ||PE(1)|| ~ ||[PE(1000)]].

S e — Relative: Distance-aware.

learnec sedfeadZaotisE, B S

R

HNEEEEEEEEEEEEN Em

CS-461 - Foundation Models and Generative Al Charlotte Bunne

Extrapolatable: Works beyond training length.
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sinusoidal

Sinusoidal Positional Encodings

Idea: Use a combination of sine and cosine functions at different frequencies to encode position.

Each dimension operates at a different frequency, creating a unique "fingerprint" for each position.

For every position in the input pos
and index 1

PE(p0s,2i) = SN ( — )

; 100002i/dm0del
i=0 |
P e POS
: PE(pOS,2i+1) — CO5 (100002i/dm0d€l )
s e R Ly

... the frequencies are decreasing along
the vector dimension

... forms a geometric progression from
27 to 10000 - 27 on the wavelengths

POS

CS-461 - Foundation Models and Generative Al Charlotte Bunne
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Sinusoidal Positional Encodings  sinusoidal
¢ ¢ We chose this function because we hypothesized it would
allow the model to easily learn to attend by relative
positions, since for any fixed offset k, PE(pos + k) can be ... d-dimensional vector that contains
represented as a linear function of PE(pos). information about a specific position
. : S Y
index i *fﬂ"":':lu!"” "””“
a® llil i
. “11'-’# 'lllf I
i=0 et iw
Tl e L Ly ‘
1='I i ||! ‘
c ﬁ'li |||| i }
O .I " i'llllI ||‘ l
I = 2 ------------------------------------------------------------------------------------------- -lé |_"'| i'll !i
Q - » -. d,l
, 5 ﬁ-ﬁ!
=4 | = e e """""" ' ,-:,
i

; I'.' L"'.l

(Vaswani et al., 2017) POS Dimension
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https://arxiv.org/pdf/1706.03762

Rotary Positional Encodings rotary  (Su etal,, 2023)

Rotary position (RoPe) encoding takes a very different approach to encoding positional information:

Idea: Step 1. Define rotation frequencies:

Instead of adding a positional encoding, 0, = 10000 2¢—1)/d
RoPE applies a rotation to the existing token embeddings.
Step 2. Apply position to get rotation angle.

The rotation angle is a function of both the token’s position angle, = m - 0;
in the sequence and the dimension of the embedding.
Step 3. Build rotation matrix R, .

Rotation preserves the norm of the embeddings while
encoding positional information.

e.g., for two dimensions | cos(mf) —sin(mb) T
T, sin(m#)  cos(mb) To

“~

CS-461 - Foundation Models and Generative Al Charlotte Bunne



https://arxiv.org/pdf/2104.09864

Rotary Positional Encodings rotary  (Su etal,, 2023)

Key Property: - -
When computing attention between positions m and n, score = (R,,q) ' (R, k) =q R,_mk

the dot product depends only on relative position (n — m)!
P P d P ( ) ﬂ/ﬂﬁfﬂ//y /"6/077/41/6/

Intuition:
Each position rotates vectors in embedding space. Tokens compare based on the angle between

their rotations, which only depends on how far apart they are!

Advantage over learned?

““us""Ss wmst EEECEECSEEE  — Poor generalisation to inputs with more dimensions longer than the

HEEEEEEEEEEE EEEEEEN BN EEmEm . o . . .
e e e e maximum position embedding encountered during training.

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

TRANSFORMER EXPLAINER Examples v Data visualization empowers users to create Generate | 'eMperature Sampling © Top-k @ Top-p

0.8 k=5
Transformer Block 1 > 11 more identical
Embedding @_ Multi-head Self Attention MLP ;ngiiormer Probabilities @_
Data E' Data | visualize
: - 0
visualization 5 visualization create 20.87%
5 see
em : Key em B
| _ Data E make
. visualization .
powers : em powers . ,
; powers ; easily
: users !
users ; 9 users quickly
to to to explore
' O : |
Query o Out 5 find
. _ Data O :
visualization : understand
users l build
to :
better
Attention ®, N
identify
Value :
visualization Multi-Head Self Attention X
em
D%V;(eetg Self-attention lets the model decide which parts of the input are
0]

most relevant to each token. This helps it capture meaning and
relationships, even between far-apart words.

Head 10f12 | < || > In multi-head form, the model runs several attention processes in
parallel, each focusing on different patterns in the text.

e | 7% — 8/20 >



CS-

TRANSFORMER EXPLAINER

Embedding ®,

Data
visualization
em

powers
users

to

f L

kux

Examples v

Transformer Block 1

Data visualization empowers users to create

Multi-head Self Attention

[Ty

AT

vector(2304)

Key

Data
visualization
em

powers
users

to

Query

. ~ Data
visualization
em

powers
users

to

Value

. Data
visualization
em

pOWErs
users

to

Attention @_

Head10f12 | < | >

Generate

Data

visualization

em

powers

users

to

Out

Temperature

MLP

0.8

Query, Key, Value

Sampling © Top-k © Top-p

to

k=5

11 more identical
Transformer
Blocks

visualize
create
see
make
easily
quickly
explore
find
understand
build
better

identify

Probabilities @_

= 20.87%

To perform self-attention, each token's embedding is transformed

into three new embeddings— Query, Key, and Value. This
transformation is done by applying different weights and biases to

optimized through training.

each token embedding. These parameters (weights and biases), are

Once created, Queries compare with Keys to measure relevance, and
this relevance is used to weight the Values.

9/20
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What is Attention?

... a mechanism that lets each element of a sequence compute a context-dependent representation
by focusing on the most relevant parts of the input and learning the connections between them.

Key ldea: -« Earlier architectures (CNNs, RNNs) process information locally or sequentially.
 But in many problems, any part of the input might depend on any other.

 We want a mechanism that lets the model decide what to focus on dynamically.

— Attention allows information
to flow flexibly between tokens.

Encoder € | /™ €1 — € || €3 |™m| €4 |™/| €5 |—™| €g

Decoder do > d+ - ds " d3
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What is Attention?

Attention = Information Lookup

Intuition | \)\\

Which other tokens are
relevant for me right now?

ceo @

. K'
O QUERY  what it wants Attention(Q, K, V) = softmax
‘ KEY what it offers

VALUE the actual information \

dot product to compare

Similarity between QUERY-KEY pairs determines how much of each VALUE is used. .
all key-query pairs

— Attention is soft information retrieval based on learned similarity. ,K , V! learnable weights.

CS-461 - Foundation Models and Generative Al Charlotte Bunne 39



Extensively covered in

Attention: Scaled Dot-Product Attention

Attention

. QK"
Attention(Q, K, V') = softmax V
vV dj,

full Bl bidirectional causal

attention |— masked attention
attention

— Depending on architecture and learning principle, mask is applied.

KT
— softmax < | ¢ ) V
Vg

CS-461 - Foundation Models and Generative Al Charlotte Bunne



Attention: Multi-Head Attention

Self-Attention lets the model decide which parts of the input
are most relevant to each token.

Multi-Head Attention:

Model runs several attention processes in parallel, each
A —
Scaled Dot-Product |

focusing on different patterns in the text.
N
Attention 4

* One attention map may miss certain relationships.

l l * Multiple heads learn independent subspaces focusing on

different patterns, e.g., syntax, position, entity type, etc.

\

e Each head learns its own O, K, V projections.

* Their outputs are concatenated and linearly combined.

V K Q

CS-461 - Foundation Models and Generative Al Charlotte Bunne



Attention Implementations

Standard attention is ©(n?) in both time and memory, where 7 is the input length.

/M//Iaf do W® 0/0?

Speed and
Memory
Efficiency

Efficiency In
Long Contexts

Scalability to
Real-Time
Settings

CS-461 - Foundation Models and Generative Al

Flash Attention

Computes attention in chunks to fit GPU memory
and avoid redundant softmax ops.

Sparse Attention

Attends only to a subset of tokens (e.g., local + global pattern).
No need to compute all pairwise interactions.

Linear Attention

Approximates softmax with kernel tricks
to make computation linear in sequence length.

Charlotte Bunne
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Attention: Cross-Attention

Goal: Enable communication between different representation spaces
e.g., text & image, gene < tissue, cell & microenvironment.

How? Cross-Attention

KT
 Queries O come from one modality. CrossAttn (Ql; Ko, VQ) — softmax (Qi/EQ ) Vo

e Keys K and Values V come from another.

* The attention weights determine which parts of one modality are most relevant to the other.

Why?

* Self-attention: builds coherence within a modality.
* Cross-attention: builds alignment across modalities.
* Creates a shared representational space between heterogeneous data types.

e |t's the core mechanism behind multimodal foundation models.

CS-461 - Foundation Models and Generative Al Charlotte Bunne



Attention: Why is attention a universal interface”

Wéy a/oeg /7L h/or,é acrogs §o ma/zy domain S,Q

Attention learns the structure from data, not from a fixed topology.
Defines relations dynamically via similarity, not through hard-wired order or adjacency.

— |t therefore generalizes as a “universal interface” for reasoning over sets.

uf
/5 it’s inefficient: all-to-all comparisons scale quadratically;
the brain and physical systems use sparse, hierarchicalconnectivity instead.

Tokenization limits: universality only extends to what can be discretized into tokens.

Also, attention reasons over states, not processes. It sees correlations, not causation.

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

Main unit processing in the model consisting of:

Feed-forward layers: Refines each token’s details.

4 Multi-head self attention: Lets tokens share information.

5 Activation functions inside <: Smooth, non-
saturating activations as they improve gradient
flow, training stability, and model expressivity.

CS-461

= RelU

3| GELU

SiLU / Swish
| m— SWiGLU

- Foundation Models and Generative Al

Charlotte Bunne

(
I )

Add & Norm )

Feed
Forward

e

Add & Norm )

.

Output
Probabilities

ot

(Linear)
A

f

:Add & Norm

g Feed
Forward

A

.

(Add & Norm

(Add &I Norm )

[

Positional |
Encoding

Inputs

4

Outputs

[

Positional
Encoding

J
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The following architectural patterns stabilize Transformer training
and preserve information across layers.

[

CS-461

Layer Normalization:

Helps stabilize both training and inference by adjusting input

numbers so their mean and variance stay consistent.

Dropout:
During training, dropout randomly turns off some
connections between numbers so the model does not

overfit to specific patterns.

Residual Connections:

Adds a layer's input to its output, keeping
information and learning signals from fading
through many layers.

- Foundation Models and Generative Al Charlotte Bunne

Architectural Patterns: Residuals and Dropouts

f

(
I )

Add & Norm )

Feed
Forward

L

Add & Norm )

.

Output
Probabilities

ot

(Linear)
A

:Add & Norm
|

f

r

Feed
Forward

i
(Add & Norm

.

(Add &I Norm )

[

Positional |
Encoding

Inputs

( Positional
LEncoding

=
=

Outputs



Transformer Architecture

Encoder
Processes the entire input in parallel to build Output
contextual representations. Embedding
*
Produces high-level embeddings that can be i | A
used for understanding, comparison, adds Norm )
or as input to downstream modules. Feed
Forward
1
Add & Norm )

.

Positional
Encoding

Inputs
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Transformer Architecture

protein data base ~250 million
l proteln sequences/
a )
Transformer
Encoder
[Geometric Attention)
\ _

!

PDB nearest TM-score

MGYP000911143359

MGYP000712274586 -
==

UMAP 2

— ESM encoders learn a protein “language”
that captures structure, function, and
evolution, allowing reasoning directly
from sequence.

CS-461 | Foundation Models and Generative Al Charlotte Bunne 48


https://www.science.org/doi/10.1126/science.ade2574

- Output
Transformer Architecture  Prababiles
converts the decoder’s *
5 logits into probabillities of

Decoder possible next tokens or output (Unfaf)
i :Add &I Norm x L
Processes and transforms representations, optionally T ' y
conditioned on encoder outputs. \ For?/\?ard J
A
(Add & Norm

In encoder-decoder models, generation is
conditional, attending to encoder representations
(e.g., translation, summarization).

In decoder-only models, generation is (Add & Norm )
autonomous, relying solely on prior outputs (e.g.,
GPT-style models).
Decoders enable the model to generate, transform, or SaEieirEl
predict based on learned representations. Encodng

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



Outlook

Language Foundation Models

—_— ... Transformers in BERT, GPT, and more.

Vision Foundation Models

— ... Vision Transformers in MAE, DinoV2, and more.

Foundation Models in Science
———————————————————————————————————————————

CS-461 - Foundation Models and Generative Al Charlotte Bunne
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ESM3 Transformer

Generative masked
language model

Transformer in Protein Foundation Models

(Hayes et al., 2025)

sequence  Multimodal and geometry-aware:
structure [ERIRNRIIINININN - integrates 1D sequence, 3D structure, and
function — function data using geometry-conditioned
s | N attention.
f/ 111
i * Unified cross-modal objective:
Transformer Blocks 1 : :
V| = trained to generate or predict sequence,
i . 5 structure, or function within a shared latent
Transformer Block L:;J, Space.
(Geometric Attention) 8 ]
)|l .  Hybrid backbone:
\ A ),

| Transformer layers fused with SE(3)-
equivariant blocks for spatial reasoning.

VQ-VAE encoder
for structure tokens

masked

> I -::- .....
1

— However, much more of a classic
Transformer compared to ...
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Transformer in Protein Folding Models

Evoformer of AlphaFold 1 (Jumper et al., 2021)

— While ESM3 keeps the core Transformer, AlphaFold’s Evoformer re-engineers attention
for pairwise and evolutionary reasoning.

|—> based on database containing explicit evolutionary alignments
>

O ) .

( W rrrtt , 1Tttt N, Trrtrtd 4 A High

Q (® A 4o T\ 4% MSA ({% Single repr. (r,C) —» confidence

Genetic —@—> representation, —9 —>

Y database — ®? rrert @ (s.r;€) @

\search \@ rrt J R o

MSA
o Structure
prTeTt ¢ Evoformer
(48 blocks) MOELE
Input sequence (8 blocks)
e ?T414 PT4te
E'HE—%“% * Pair * Pair
e J + -« representation —p — -« representation ——p» 3D structure

R (r,r,C) (r,r,c)

| Sraae - -
\ _J - /
database
\search
[ < Recycling (three times)
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https://www.nature.com/articles/s41586-021-03819-2

Transformer in Protein Folding Models

Evoformer of AlphaFold 1 (Jumper et al., 2021)

Special attention blocks including attetion across ...

columns Yy N

rOWS

[ TTT] residue positions along the target protein sequence

different homologous sequences

\

48 blocks (no shared weights)

— context within each protein sequence
— captures evolutionary covariation

~

CS-461

N

- Foundation Models and Generative Al

Charlotte Bunne

R . 4 A 4 N
[ﬁJ ow-wise Column- @
| |
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@ representation | — attseent'on gated sition > @ representation
> (s,r,c) PO self- ° (s,r,c)
@ | with pair attention @
&Aas_/ _ _
Outer
product
mean
(T M\
f : A a : A Triangle Triangle
Triangle Triangle
Pair update update self‘— self.— Pair
representation < (1) Ly using using attention attention Tran- —®  representatio n
: . : around around sition
(r,r,c) outgoing incoming . . (r,r,c)
starting ending
edges edges node node
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https://www.nature.com/articles/s41586-021-03819-2

Transformer in Protein Folding Models
Pairformer of AlphaFold 3

(Abramson et al., 2025)

AlphaFold 3 removes the MSA representation, evolutionary information comes from pretrained sequence embeddings.

Two representations: one for each residue (single) and one for residue-residue relationships (pair) to capture 3D structure.

Multimodal inputs, i.e., proteins,

Sequences,
ligands,
covalent

bonds

CS-461

T
(—

Template

search
v

T
—

Genetic

search

~
T

Conformer
generation

v 2

==

multi-

modality

GLVPRGSHMAAPIRF

- Foundation Models and Generative Al

igands, nucleic acids, and cofactors within the same transformer framework.

< > Confidence
Inputs 1 1 - 3 > module
g 1 l (_: (4 blocks)
Input Template MSA \/
embedder ~+—> module —| module — —
A 2 blocks 4 blocks Pairformer 5 e
(3 blocks) | pair ( ) ( ) : Diffusion
air (48 blocks) module
@ _ i *(3+24 +3blocks)
Single : A P ' :
contains Recycling Diffusion iterations
pretrained
sequence
embeddings

Charlotte Bunne
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https://www.nature.com/articles/s41586-024-07487-w

Transformer in Protein Folding Models

Pairformer of AlphaFold 3 (Abramson et al., 2025)
Pairformer
removed specialized attention blocks (48 blocks)
| but triangle updates retained
Richard Sutton (2019) for geometric reasoning
“The Bitter Lesson”
Pair representation 48 blocks l Pair representation
(n, n, c) (n, n, c)
Trlan | . Triangle Triangle
gle Triangle self- self-
i g attention attention Transition (+ >
> using using round e —Q\
outgoing iIncoming starting ending
edges edges node “ode
Single ¢ Single
representation (n, ¢) Single representation (n, ¢)

I avl\}ittinggi?r @Twansition—@ >
bias j j
] esson [ear ped |

More general, more scalable, closer to original Transformer design, and stripped of handcrafted evolutionary machinery.
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-
ransformey for Modeling DNA

'\‘\\\V.’? L
= //ﬁ‘f
SRS

I\ 27 ((IR
% - * /4 s |. ‘

— — #’?/- & 4

‘._;,‘,_;,’ // |

3 ¢ s

BU A

Massive context: DNA spans
millions of bases and attention’s

O(n?) cost makes this infeasible.

FMs for DNA replace the Transformer’s costly
attention mechanism with fast long
convolutions and lightweight recurrence:

— allows efficient modeling of million-base DNA
seguences while preserving long-range
dependencies.

73 Long-range regulation: Key
/N Interactions stretch over kilobases,

Local structure: Regulatory motifs are local, but
attention wastes capacity on all-pair comparisons. (Nguyen et al., 2025)
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https://www.science.org/doi/10.1126/science.ado9336

Transformer and That’s It?

Transformers proved remarkably flexible:
a single mechanism that scales well across text, vision, biology, and more.

@Pj “universality” comes with trade-offs:
1. Everything must be tokenized — the world reduced to discrete symbols.
2. Models reason over static snapshots, not continuous change.
3. Learning remains passive and data-hungry.

Humans learn differently: A 4-year-old child processes 1014

bytes through vision alone equal to

through perception, interaction, and prediction; ail the text used to train GPT-4.

— processing continuous sensory streams and
simulating how the world evolves!

CS-461 - Foundation Models and Generative Al Charlotte Bunne
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What comes after the Transformer? A 4-year-old child processes 1014

bytes through vision alone equal to
all the text used to train GPT-4.

. Jim Fan & - Nov 23, 2023 X
& & @DrJimFan - Follow
It's pretty obvious that synthetic data will provide the next
trillion high-quality training tokens. | bet most serious LLM
groups know this. The key question is how to SUSTAIN the

quality and avoid plateauing t0o Soon. Ultimately, to model complexity of the world, we need
to scale multimodality and incorporate dynamics.

The Bitter Lesson by @RichardSSutton continues to guide Al

9 Yann LeCun { «
o @ylecun - Follow

Animals and humans get very smart very quickly with

Token universality built general representation,

vastly smaller amounts of training data. but real understandi ng requires.

My money is on new architectures that would learn as - : :

ef}’icienﬂyyas animals and humans. 1. Perception: learning from continuous sensory streams,
Using more data (synthetic or not) is a temporary not discrete tokens.

stopgap made necessary by the limitations of our Show

more 2. Prediction: modeling how states evolve, not just what
7:29 AM - Nov 23, 2023 O CO-0CCUrS

@ 54K @ Reply (2 Copylink

3. Interaction: learning through acting and feedback, not
passive observation.

Read 315 replies
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Ideas for the Future? _)Y{ BUNNE LAB
joinﬂ&/

The next generation of models must move from static correlation to dynamic understanding
— from describing the world to simulating it.

%/OW Q We don’t have those answers yet
‘ but we’ll explore some first steps in the lesson on world models.

4
...
! 4
L 4
'

‘ ..lll““
o ]
;‘ J\, mechanisms
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The Joint Embedding Predictive Architecture D]
review

A counterproposal to Transformers! Architectures for world models. D —

X . observed past and present

y : future N C(S?‘/)
a : action l Pred(s;,a, Z)
Z: latent variable (unknown) &
Y
D( - ) : prediction cost T
C( - ) : surrogate cost S.. a D(Syv SAy)
[ 5v
— JEPA predicts a representation
of the future S\, from a representation
of the past s.. 4 4
X Y
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Week 6’s Exercise Sheet

ofe

vV a

Computational Cost of Multi-Head Self-Attention:

Analyzes the parameter count and computational cost of a single multi-head self-
attention block. It shows that the block contains four times the square of the model
dimension in learnable weights —independent of the number of heads—and that the
forward-pass cost scales roughly with both the sequence length and model dimension,
dominated by the projection and attention matrix multiplications.
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Week 6’s Code Demonstration

>—

Autoregressive MNIST with Transformers:

Implement and train a small Decoder-only Transformer for class-conditioned MNIST
generation by tokenizing images into 2x2 binary patches, building key Transformer
components (MLP, attention, residual blocks), and sampling new digits from the trained

model.

— Jupyter notebook exercise
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