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Set-to-set mapping / I

 Atransformer takes in a set and returns a set —
 Classification/regression: vector or scalar / |
* Add trainable latent space o Thead |
e Return that point at the end r l
* Class token Q 5
Input > S - 5
array 8
K ‘ W Vv
K Vv
Trainable [ } Q % [ ]
latent [ S R } - é _)[ ] -
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https://arxiv.org/abs/2010.11929
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Y ATLAS Transformers

Set-to-set mapping
Going deeper with transformers

A transformer takes in a set and returns a set.

» Classification/regression: vector or scalar

FFN FFN o
* Add trainable latent space B
FFN FFN 5

 Return that point at the end

 (Class token

o
/M
EH
OF
M
IH
b

T
uonuane-J|as
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https://arxiv.org/pdf/2103.17239

ALAS Transformers o -

Set-to-set mapping riTELrEL

* Full self attention also create a lot of junk - ﬂ'.

* Where to send the junk? -
OpenCLIP

Input DeiT-III

[
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Set-to-set mapping
* Full self attention also create a lot of junk
* Where to send the junk?

* Garbage collectors

output

Transformer Model

i @
el
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?T Transformers

Set-to-set mapping

* Full self attention also create a lot of junk

* Where to send the junk?

* Adding trainable token that will be discarded afterwards
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Foundation models
How to make pretraining sound sexy

Malte Algren
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Google trends on “Foundation model” since 2020: )
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Fig. 2: Google Scholar search results for “self-supervised
learning”. The vertical and horizontal axes denote the num-

1 1/0 6/202 5 Ma |te Alg ren ber of SSL publications and the year, respectively. 8


https://arxiv.org/pdf/2301.05712
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?TAS 700 of foundation models

Google trends on “Foundation model” since 2020:
 Word2vec & GloVe (2013)
+ GPT(2018)

» BERT/BEIT (2018)
o DALL-E (2021)

A Survey on Self-supervised Learning (2023)
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learning

Masked Image
Modeling

<

ClustSiggg atia Feature Decorrelation Low-level targets  High-level targets  Self-Distillation

Negative
modal Teacher
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https://arxiv.org/pdf/2301.05712
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Need to define some notation and language for foundation models
1. Backbone (encoder)

* s =z=>f(2) =y

2. Latent representation

* Representation: z

3. Learning objective

* Supervised: L(f(2),y)
 Self-supervised: L(f(z2), x)

(V)AE (1990s)

11/06/2025 Malte Algren 10



Notation and definitions
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Need to define some notation and language for foundation models

1.

4.

5.

Backbone (encoder)

* g =z=>f(2) =y
Latent representation

* Representation: z
Learning objective

* Supervised: L(f(2),y)
 Self-supervised: L(f(z2), x)
Scale (The world biggest heist)

Downstream tasks T, (2)
11/06/2025

Copyright + Related Lawsuits v. Al Companies
ND California

D. Col. Authors Guild v. OpenAl,
Kadrey v. Meta; Chabon v. Meta . %i Alter, Basbanes
ckabee v. Meta; Farnsworth iV Pierce v. Photobuc! UMG Recordings v. Suno Judge Stein
dg e Chhabri

-
L re OpenAl ChatGPT Litigation
( rembl y Silverma ,Ch abon
~ Judge celi Mal z-Olgui
Nazemian v.NVID A /
Dubus v. NV
Ju eTlgar

b, Microsof N

ithu t, OpenAl
j Doot v thub. et o .
:,: 1 bl
sar h d v. St b lit y_, MWW
“ d ourney, way Af
g udg O k

e Go gl e Ge = M:'“eﬂe v. OpenAl y Alcon Ent. v. Tesla

E g ﬂ} o Millette v. Goagle g | Judge Oliver

= Millette v. NVIDIA A

2222222222 pre pared by ChatGPTiseatingtheworld.com

CD California ‘ws  Vackerv. Eleven Labs
IL-N Judg

Subset of the lawsuits
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Pretraining method DE GENEVE

 What does pretrain mean?

* Constructing a pretrain model to solve tasks T;,(z) X - E}‘}?f)er

 What is the object of a pretrained model?

1.
2.
3.
1.

e Often T(2) is unknown but assume T'(z) = p(x)

11/06/2025

T(z) =~p(y)

T(z) ~ p(x) x> E}‘%%"F

T(z) #p(x)Vpy)
T(z) ##=+#=+ p(x) Vp(y)

y L(y,y)

Malte Algren 12
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* Constructing a pretrain model to solve tasks T, (2)

11/06/2025 Malte Algren
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YATLAS Pretraining method DE GENEVE

* Constructing a pretrain model to solve tasks T, (2)
1. Supervised learning T(2) = p(y) X > Er}"(‘:’f)er
* MSE, BCE, CE, etc.
 Multi-task learning with o

2. Self-supervised T(z) = p(x) ) e gy

3. Semi-supervised T(z) = p(x,y)

* Joint supervised and self-supervised

A. Final step: Finetuning

11/06/2025 Malte Algren 14
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* If you have an idea about our downstream tasks
e Use xto model y—accesstoy
* Multiple downstream task that are orthogonal
* Board support in the phase space

* Construct your representation z using T,,(2)

Shared layers Task-specific layers
(Backbone Network) (Head network)

| |
f 1 I 1

o 1 :I Task 1
— Vv
Task 2
Inputsensor | | | | < ....... || v2 :]
signals . .
M o B m D TaSk m
o %

Shared representation Task-specific

11 / 06 / 2025 vector representation vectors 15
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* You don’t have any y. You have access to x // ACED \\
N e T i mind ) / B T2 TN .
o specific T,,(z) in min / \
e Board support in the phase space /| /»»/’":'zvﬁ‘(jzj"\‘-\\
'\ ~ 2 (wy) |
* Always similar encoder/decoder setup / RN \ |
\\\ [/ - - \] //
* In physics we have a lot of record data but no labels \ e / )/
4
7

( > £(z,c') < 1 S~

Encoder Decoder

X = f(a)

11/06/2025 Malte Algren 16
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* Constructing a task from samples X

* Augmentations is the name of the game

e A(x) = x, = argmin L(f (xy), x)
6 K-NN

Input Jet
P from centers

Masking
Cropping/cutout

Rotation

N =

Other invariances

 Many of them are domain specific

11/06/2025 Malte Algren 17



ATLAS Self-supervised learning @ DE GENEVE

» Constructing a task from samples X

* Augmentations is the name of the game &! S ;:g-,;-z.‘:"'

 Masking (general)

_ K-NN
¢ Cropping (|mage) 55 Inputht from centers
(f) Rotate {90°,180°,270°} (g) Cutout (h) Gau (j) Sobel filtering
Generative Joint embedding - CLR Compression or not?
1. Masked autoencoder MAE 1. SimCLR What do we want?
2. Diffusion MAE 2. BYOL Representation learning vs
3. [|-JEPA pretraining

11/06/2025 Malte Algren 18


https://arxiv.org/pdf/2111.06377
https://arxiv.org/abs/2304.03283

£ UNIVERSITE

? T_AS Self-supervised learning: Generative (%) pe Gentve

EXPERIMENT

Masked autoencoder (wo/ compression) Without Compression

* Apply masking to input and reconstruct it ’['E’p(“’"” ) J‘

¢ A(X) — xinput' A_l(x) — xtarget Decoder

g9(2)

Encoder

. argénin L(ge(fo (xinput)); xta'rget)

Masking strategies and amount: Without Compression

N z R D v. 7 4
- 26

1

encoder

¢
:

random 75% block 50% grid 75%
11/06/2025 Malte Algren 19
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EXPERIMENT

Masked autoencoder (wo/ compression) Without Compression

* Apply masking to input and reconstruct it i »[_%(x,:c ) J‘

* A(X) — xinput'A_l(x) = xtarget Encoder

Decoder
g9(2)

y al‘g;nin L(go(fo (xinput))» xtarget)

Do you remember the issue with VAE?

Decoder

9(2)

| ) Permutation invariant loss ( ‘

Opimal transport style losses

Encoder
> f(z)

11/06/2025
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Diffusion Models as Masked Autoencoders DiffMAE
* Apply masking to input and reconstruct it [@ ®]
_q /Backbone \
) A(x) = xinput:A (x) - xtarget Diffusion model
[ ! i i ]_ (Decoder)
° argminﬁ(ge (f@ (xinput))»xtarget) 1
6 Encoder ]
* Swap the decoder with a diffusion model \§ A J [ Mix with noise
* Same setup as MAE
[ . ] [ 2 (3 ]
* Still no compression between fy (xinput) X
 But now compression can be introduced [ 0) (1) (2) (3) (a ]

Target domin
11/06/2025 Malte Algren 21
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? TLAS Self-supervised learning: Generative

EXPERIMENT

Bottleneck Diffusion Models for Representation Learning

« Alx) = xinput:A_l(x) = Xtarget
* Ais different representations of the image

e Diffusion autoencoder

SODA
* Continuous latent representation Bottleneck
Diffusion
* Allow for interpolation in the latent Model
RASEE) ) X =k Encoder
Latent z
Denoiser

11/06/2025 Malte Algren
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Back to Masked AutoEncoders
e Drawbacks?

* How do we ensure that the information we reconstruct is relevant?

Apply masking

Malte Algren
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EXPERIMENT

Back to Masked autoencoders

e Drawbacks?

e How do we ensure that the information we reconstruct is relevant?
* Forimage generation (VQ)-VAE are used to compress image

 Then generate the image in the latent space

Latent Space Conditioning
E 11 Diffusion Process ———» emanti
R AC Ma
! 2 Denoising U-Net €p 27 Text
x(T — Repres
ﬂ entations
g : |
X Encoder Encoder X/ P
> f(m) <€ Pixel Space
To
pd
denoising step crossattention  switch  skip connection concat S~———
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(23 UNIVERSITE

?A AS Self-supervised learning: Joint embedding (7)) pe centve

EXPERIMENT

Compare features in the latent space

grad similarity & grad grad clrmilarih;

1. Augmentation in x to make x1 & x2

Online network

2. Encoder into latent space: z1 & z2

- q0(29)
3. Similarity comparison |
Explonential Moving <(10(:'9)" :9
e Less redundant information in z1 & z2 o laoCzo)ll, - 1zl
 Alot of research in CL A 2¢
* Si m C L R Target network
encoder encoder encoder encoder
* BYOL = == &= )
° image image
SWAV SimSiam

11/06/2025 Malte Algren 25
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EXPERIMENT

Compare features in the latent space
1. Augmentation in x to make x1 & x2
2. Encoder into latent space: z1 & z2
3. Similarity comparison

 Joint-Embedding Predictive Architecture

Sy mm=m=m===-- »| D(sy,sy) @—) decoder =---=| D(7,vy)
1 1 :

Sy & ' A

: Y 1 T 1

1

x-encoder y-encoder x-encoder .
(a) Joint-Embedding Architecture (b) Generative Architecture

11/06/2025 Malte Algren 26
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?A AS Self-supervised learning: Joint embedding

EXPERIMENT

Compare features in the latent space

predictor
1. Augmentation in x to make x1 & x2 context —— -
89 ---
|
2. Encoder into latent space: z1 & z2 - |
L , ., Hm | | I
3. Similarity comparison N U ER
* Joint-Embedding Predictive Architecture do b
 Extend to point clouds . o
arge I
o~ encoder ! : :
00000000« (= mlm B
‘ Particle Jet Tokeniser .. 7 fo L_i T - o I : : :
‘ R Lo £ [ o
RS d o BB
TR e, T e ) 5

Malte Algren 27
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;?AAS Self-supervised learning: Comparisons bl
Generative Joint embedding
1. Masked autoencoder MAE 1. SimCLR
2. Diffusion MAE 2. BYOL
3. I-JEPA
Properties Properties
* Loss/reconstruction in x  Loss/reconstructionin z
* Work very well * \Very active when it comes to research
* Stable * Do also work well
* Have been sort of left by the by CS  Can have model collapse

11/06/2025 Malte Algren o8


https://arxiv.org/pdf/2111.06377
https://arxiv.org/abs/2304.03283

¥ATLAS Quick points on finetuning (% ¢ cenive
Now you have a pretrained model Backbone )

e How to finetune it for a task?

* You have accessto f(x) = z

1. Size of model

* Can you even backpropagate through the model?

2. Domain shift :
output

aft
Transformer Model

Thanks for listening! [] 100N 00d

* sslin data, finetune on simulation

[REGN] [

Questions?

11/06/2025 Malte Algren 29
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