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Starting thoughts

Foundation Models:
A Marketing.
A Call it what it is.

0 E.g. Large scale ptmined model

Al SGQa y20G4 RSol @GS
used to describe a paradigm that has
emerged, rather than describing the

paradigm we operate in.

AGLYIl 3Saé

Data Volume:
A Bytes != Information
A The information density of language is very

high.

optimized to human needs

aSYFyadAaoa F2NI I g2NR 0KI

A Science data is fundamentally different

A | am not entirely sure we have enough data

to see the same results from scaling as

language and computer vision have had.

EIT Oxford
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The Data Challenge

A Increasing data volumes (~700PB science data products per year for SKA)

A Static research budgets

Physics can therefore be (at best) derived on a continuous function between:

e.g. Chemical Composition and distribution of stars in near by galaxies

Research Frontier

Shifts fromadoptionof improved approaches

Feature Complexity/Cost

e.g. Weak Lensing

»

Sample Count EIT Oxford




1)

2)

Modern Radio Astronomy in 4 Steps

INTARFEROMETER_ kenL SKY 3)

INT ERFEROMETER
SAMPLING .

EIT Oxford



Inverse Problem in Interferometry

CLEAN CLEAN Median (ours)  Percentile range (ours)
Model image Restored image MPoL 50th quantile (84 % -16 %) CI

Upsides:
A Score based modelling

HD 143006

A Instrumentation built into
the prior through custom
kernel

A Operating in image space fo -
guarantees 7

. e | ¥ 1l
However: 10-2 10! 10° 10-% 10~2 10~1 10°

Jy/arcsec? Jy/arcsec?
A Not scalable Noé Dia, M. JyantovskBarth, Alexandre Adam, Micah Bowles et al.
A LDM could begin to address NeurlPSNorkshop ML4Phys, 2028itps://arxiv.org/abs/2311.18012
scaling, but at what cost? Astro paper in prep.

EIT Oxford


https://arxiv.org/abs/2311.18012

Radio Galaxies

A Galaxies but viewed in radio

o Primarily synchrotron emission from
bremsstrahlung

A Classification for sample and feature
selection

An image from théMleerKATradio telescope reveals unusual thread

like features stretching between the twin radio emission lobes of
galaxy ESO 13106.Rh niversity, INAF and SARAO

EIT Oxford


https://www.sarao.ac.za/media-releases/astronomers-stumble-upon-unexpected-features-in-a-distant-galaxy-using-meerkat-data/

Radio Galaxy Classification: Language in Science
— . . QO Q Y Raw Annotatons

i Pre-Processing

A Semantically meaningful labels ‘ ‘ ‘ ‘ O | Jee s

i Embed using Pre-Trained
Language Model

0 Improved interpretability ‘ ‘ ‘ ‘ @ L3 vectors

c . l Aggregate with
0 Semantic meaning

Similar Entries

Q 0 & Q @ @

0] F|ne gl‘alned COH'[I’O| Extract Nearest Token
5 Tags
A Preparlng for LLMS . . O Train Model to Predict

0 5 Science Classes from Tags

A Data collection ongoing: | sence | (Pedhe)  ained mode

https://www.zooniverse.org/projects/hongm —— Query Tag Importance

ing-tang/radio-galaxyzooemu . .O O

oo - Sort

>

A >99k classifications so far . O N
Adjustments

ST2NBY 4aCwLLEé © OQ rmames
, , o oo, , Bowlgs+2https://arxiv.org/abs/2210.14760
bzgy aK2dzNHt Faacez a §NI§S“23§T(DS /larxiv.org/abs/2304.07171EIT Oxford



https://www.zooniverse.org/projects/hongming-tang/radio-galaxy-zoo-emu
https://www.zooniverse.org/projects/hongming-tang/radio-galaxy-zoo-emu
https://www.zooniverse.org/projects/hongming-tang/radio-galaxy-zoo-emu
https://www.zooniverse.org/projects/hongming-tang/radio-galaxy-zoo-emu
https://www.zooniverse.org/projects/hongming-tang/radio-galaxy-zoo-emu
https://www.zooniverse.org/projects/hongming-tang/radio-galaxy-zoo-emu
https://www.zooniverse.org/projects/hongming-tang/radio-galaxy-zoo-emu
https://www.zooniverse.org/projects/hongming-tang/radio-galaxy-zoo-emu
https://www.zooniverse.org/projects/hongming-tang/radio-galaxy-zoo-emu
https://www.zooniverse.org/projects/hongming-tang/radio-galaxy-zoo-emu
https://arxiv.org/abs/2210.14760
https://arxiv.org/abs/2304.07171

Radio Galaxy Classification

A Simple Classes

A Interpretable classification for
adoption

EIT Oxford



Radio Galaxy Classification

A Simple Classes
A Interpretable classification fardoption

Bowles et al. 2020, MNRAS, https://arxiv.org/abs/2012.0124

EIT Oxford


https://arxiv.org/abs/2012.01248

Bootstrap Your Own Latent (BYOL; Dino Precursor)

Online network

]
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Target network

Grill et al. 2020NeurlPS$Shttps://arxiv.org/abs/2006.07733
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https://arxiv.org/abs/2006.07733

Radio Galaxy SSL

umap vy
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Slijepcevie+Bowles
2023;https://doi.org/10.1093/rasti/rzad055
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https://doi.org/10.1093/rasti/rzad055

Optical Astronomy SSL

85% - -@-- Direct
wn
8\ . 2 —e— (Contrastive
o 80% - —e— Pretrained
L')_ 750, - —e— Hybrid
éEJ /

7
— 70% - /
> ,/I
S 65% - 7
Q /
C /
= 60% - /
@
1 1 Illllll 1 1 lllllll 1 LI
102 103 104

Downstream Dataset Size

Walmsley++Bowles 202Bttps://arxiv.org/abs/2206.11927 ¢2 ¢ NRa DI f I E@ C2dzy R GA2y a2 RSt
[ 2y UNY a0AGS [ SFNYyAy3 EIT Oxford



https://arxiv.org/abs/2206.11927

Multimodal Universe

[J README A Contributing 38 MIT license

A Traditional time spent wrangling:
o Data (30% of the time)
o0 People (70% of the time)

A Living dataset (currently 120TB)

Multimodal Universe: Enabling Large-Scale Machine
Learning with 100TBs of Astronomical Scientific Data

Dataset on /¥

all contributors -

Done closely with Francois Lanusse, Polymathic and many other researchers from around the world.
NeurlP24 D&Bhttps://arxiv.org/abs/2412.02527 EIT Oxford



https://arxiv.org/abs/2412.02527

AION

{SS CNIyO2AaQ aGFft]1 FTNRY &SaidSNRI

Data and Tokenization AION Model
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Francois Lanusse, and Polymathic Team. Publication coming end of 2025.

e d

log M,

\

[

[

[

|

[

[

[

[

\ N
j AION Decoder
[

\

[

[

[

[

\

‘
-
-
il
E3

EIT Oxford



What is the misspecified promise of FMs?

CLEAN CLEAN Median (ours)  Percentile range (ours)
Model image Restored image MPoL 50th quantile (84 % -16 %) CI

README Contributing MIT license

HD 143006

SR 4

n
Multimodal Universe: Enabling Large-Scale Machine . | i i : -
Learning with 100TBs of Astronomical Scientific Data O I O I l 1072 107! 10" 107% 107 1070 10°
u Jy/arcsec? Jy/arcsec?

NeuripS EII] < arxiv 241202527 GO ORRTREAEB) ) Testing datasets Tl =

st conrutors Jll

Language is the simplest UlI.

85% -e-- Direct
%))
b o —e— Contrastive
I~ 80% Pretrained Data and Tokenization AION Model Downstream Tasks
U 75% Hybrid B ] Regression of Physical Parameters
< 5 ; 5 '
X i s [HEE 3 —
= 70% S HEE 3 = BTransformer| 8 & AION — log M.
T s /HEE R e B o s *
= 65% - o B> Encoder | £ " et
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= ]
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3] CNN ’
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Adoption: The misspecified promise of FMs.

What we want:

A Low adoption cost

A High physics value

A Conceptually clear

A Integrated into legacy systems

t KEAAOA Caa gAfft OGF1S OGAYS G2 |R2LIW FYR GKS C
What do we do in the meantime?

FLQY y2G &l&Ay3d ¢S aKzdf RyQid odAfR G(KSY® Wdz
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What we measure
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Brian Rogers

What We Don’t C DPhil University of Oxford
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Brian Rogers

What We Don’t C DPhil University of Oxford

Unconditional flow matching

EIT Oxford



Brian Rogers

What We Don’t C DPhil University of Oxford
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(a) Conditional flow (b) Unconditional flow

Figure 1: Visualization of the 2D Gaussian experiment colored by Gaussian class index and Euclidean
distance, d. The Euclidean distance of a sample to the center of its Gaussian at ¢t = 1.



t-SNE 2
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t-SNE 2

Brian Rogers
DPhil University of Oxford

(c) Unconditional (t = 0)
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Brian Rogers

What We Don’t C DPhil University of Oxford
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What We Don’t C: Designed for Adoption.

A Reuse existing VAEs

A Small latent per data sampéecan often be processed on a laptop.

A.dAtR SYOSRRAy3I& AyG2 SEAaGAY3 REGE &0 NHzOG dzb
ONJ} FUSRE TSI 0dzNB a

A Direct added value: data filtering, selection, visualization, outlier detection, etc.

This is explicitly designed to act as a steppingstone to help a community transition from
GL OKAY]l L 1y26 a2YS2yS 6K2 UGN Ay
to
G!'Lhb A& | YlIaaargSte YdZ GAY2RIFt 3ISYSNI GAGS
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Funding

Thanks to:

A Polymathic

A Alan Turing Institute
A UKRI

A Schmidt Sciences
A Breakthrough Listen

And EIT for funding my trip here.

EIT Oxford



EIT: Translating scientific discovery into real world impact

Al Research is hirirgt.org. Quick sell:
A Al for science
A Al for positive impact

A Possible supervisioof PhD students through the University of Oxford
A Industry resources

A Al Research led by Danilo Jimenez Rezende

EIT Oxford
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