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Abstract:
Generative Al a class of algorithms that learn complex probability distributions from
discovery across fundamental physics. In this talk, I will highlight several recent applic

new paradigm of model-agnostic searches for new physics, developing powerful anomaly
techniques such as normalizing flows. These same methods, applied to astronomical d
streams and ultra-faint dwarf galaxies. Generative methods also accelerate simulation-
including gravitational wave detection at pulsar timing arrays. When combined with
generative Al enables an entirely new model-free measurement of the dark matter dens|
Finally, I will discuss how generative Al in the form of agentic LLMs is creating new
promise to further accelerate research. Taken together, these advances signal that we |
one where the oldest questions about our universe may very well be answered with the h
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We’ve got some old, old problems
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Are we stuck??

* Are our top down theories missing some key ingredients? 1

* What is the way forward? -> 'ttom(s) up: we need more data to guide us!

ARIADNE~\-- polarized
Arvanitaki & Geraci PRIF2014

BN EXPERIMENT
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Al Revolution

We are witnessing a historic moment of technological advancement
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Drivers of progress
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Generative Models: A Key Building Block of Modern ML

7z~ N(0,1)¢ Iﬂl x ~ p(x)

» Fitamodel fy(z) todatax; ~ p(x)i=1,...,N

0 : parameters of a NN

 Objective: to turn random noise z into more samples x ~ p(x)
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Generative Models: A Key Building Block of Modern ML

7z~ N(0,1)¢ I“I x ~ p(x)

» Fitamodel fy(z) todatax;, ~ p(x)i=1,...,N

€ : parameters of a NN

 Objective: to turn random noise 7 into more samples x ~ p(x)

« ChatGPT: word ~ p(word | previous words)
(note: both are conditional generative models)

» Midjourney: image ~ p(image | caption)
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A key example: normalizing flows

Generation

ﬁ

z ~ N(0,1)¢ x ~ p(x)

P —

Density estimation

« A class of generative models where f, is an invertible map

* Generation: forward map z — x

+ Density estimation: inverse map: X — 2 Generative m0deling IS C|OSG|y

PO) = P = F00) | 2 connected to density estimation
ase ax
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an (Generative) Al be the New Tool we Need?

Is this the future?

Pirsa: 26010068
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Normalizing Flows for High-Dimensional Detector Simulations

Florfan Ernst'?, Luigl Favaro'*, Claudius Krause ', Tilman Plehn!, and David Shih®

1 Institar fiar Thenresische Physik, Universitiit Heidelberg, Germany
2 Experimental Physics Deparment, CERN, Geneva, Switzeriand
3 CP3. Université catholique de Louvain, Louvain-la-Neuve, Belginm
4 Institue fir iephysik (HEPHY), Osterreichische Akademie der Wissenschaften
(OAW), Vienna, Austria
5 NHETC, Department of Physics & Astronomy, Rutgers Universicy, Piscataway; K USA

January 14, 2025

Abstract

Whenever invertible generative networks are needed for LHC physics, normalizing flows show
excellent performance. In this work, we investigate their performance for fast calorimeter
shower simulations with increasing phase space dimension. We use fast and expressive cou-
pling spline 2 epplied to the CaloChallenge daasets, [n addition t the base
flow architeeture we also employ & VAE to compress the dimenslonality and train a generative

Mapping Dark Matter in the Milky
Way using Normalizing Flows and
Gaia DR3

Sung Hak Lim™® Eric Putney, Matthew R. Buckley,” and David
Shih"
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L i
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(ask me more about my
experiences with agentic
Al after the talk) 9
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Can (Generative) Al be the New Tool we Need?

This is where we are making
exciting progress now!

Al

Transformers

9 9

Diffusion Models
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What can we build with generative models?

QOutline of the rest of the talk:

« Fast simulation (surrogate modeling) (Generation)

« Data distribution can itself be an important observable!

(Density estimation)
phase space density of stars -> gravitational potential, dark matter distribution

 Anomaly detection: overdensity and outlier detection

(Generation and

Model-agnostic searches for new physics at the LHC . . )
density estimation)

Model-agnostic searches for stellar streams in Gaia data
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1. Surrogate Modeling for
Fast Simulation

(Generation)
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Surrogate Models with Generative Al

« Simulations are key to science! They are where theory meets experiment,
often essential to measurements of all kinds

* But they are often very slow — enter generative Al 1

Train

After training, the generative
model can be a very fast
surrogate emulator
for the original simulation!

Simulator

NN

Xn—1
Xn

X~p, X
Psimulator ( ) J o~ psurrogate(x) ~p simulator(x) e
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Surrogate Models for Calorimeter Simulation

Hadrenic
Calorimeter

Electromagnetic
Calorimeter

Simulating calorimeter showers
with GEANT4 is the most
expensive part of the LHG

compute budget
38T
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Paganini, de Oliveira & Nachman 1705.02355, 1712.10321

CaloGAN and CaloFlow

Early work showed that generative models such as
GANs and normalizing flows could be fast and ety o i, By B fom GEANT dua-
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Review Article

CaloChallenge 2022: A Community Challenge for

caIOChaIIenge Fast Calorimeter Simulation

» Public data challenge 2022-2024

(organizers: Krause, Faucci Giannelli, Kasieczka, Nachman,
Salamani, DS, Zaborowska)

» 3 GEANT4 training datasets of increasing
dimensionality

[ ] 70+ partiCi pants 2 31 Su bm iSS i OnS “Calorimeter Simulation”, generated via midjourney, 2022
(GANSs, VAEs, flows, diffusion, ...)

Claudius Krause'? (main editor) ©,
Michele Faucci Giannelli*! (editor) ©,

Pareto front: shower generation time on a GPU vs. multiclass log-posterior, dataset 3 Gregor Kasieczka® (editor) ©, Benjamin Nachman® (editor) ©,
-25 . E —=— CaloDiffusion —=— [CaloFlow teacher Dalila Salamani’ (editor) ©, David Shih" (editor) ©,
8 _sp o e —=— L2LFlows MAF —=- iCaloFlow student Anna Zaborowska’ (editor) ©,
a ' “h . —e- conv. L2LFlows GEANT4 transformer
§_ =715 —e— MDMA —— CaloPointFlow Oz Amram’ ', Kerstin Borras'"!! ©, Matthew R. Buckley® ',
8'1—10.0 g . —— CaloClouds —e— CaloVAE+INN Erik Buhmann® ©, Thorsten Buss™'’
=128 —e— CaloVQ =+ Calo-VQ(norm) Renato Paulo Da Costa Cardoso’, Anthony L. Caterini'?
& ~15.0 = - CaloScore distilled CaloDREAM Nadezda Chernyavskaya’ *, Federico A.G. Corchia'*"
= ' CaloScore single-shot Jesse C. Cresswell'? ©, Sascha Diefenbacher® ©,
g -17.5 Etienne Dreyer!® ©, Vijay Ekambaram'®, Engin Eren'® ©,
-20.0 " = better Flarian Frnet2? Taiai Favaral MMatton Franchinild

10! 102 103

GPU generation time, batch size 100, in ms [https: //arxiv. 0rg/abs/24— 1 02 1 61 1]
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Pulsar timing arrays

Using very accurate timing of millisecond
pulsars, nano-Hz gravitational waves
from SMBH binaries can be detected

Stochastic superposition ->
gravitational wave background

(ALNAL)) ~ AZypf Tows8(f — T (E,)

described by power law
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Surrogate models for PTA inference

Posterior inference of SGWB parameters requires MCMC

—> millions of slow likelihood calculations P(2 | Acws: Yows: -- P Acws: Yows: --)

PAgws Yows: --- | D) =

(D)
ows=Ln Training normalizing flow on samples to learn
K fE ) ¥ "4 E Surrogate for posterior DS, Freytsis, Taylor, Dror & Smyth PRL 2024 2310.12209
§ /\;_Q % _‘ = ]
< o | ‘ /4
éﬁ /\"‘} : . — N
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2. Measuring the
Phase Space Density of Stars

(Density estimation)

In collaboration with: , 9

Matt Buckley Sung Hak Lim Eric Putney

Pirsa: 26010068



2 GAIA'S HERTZSPRUNG-RUSSELL DIAGRAM

Gaia space telescope

nosity [, )

Lumi

 Lifetime: 2013-2025

e Currently on 3rd Data
Release (DR3)

* Angular positions, proper motions, color & magnitude of over 1 billion stars
in our Galaxy

* Full 6d kinematics (distances and radial velocities) for a smaller subset of
nearby stars (~30M within ~4 kpc)

20
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Stellar Phase Space Density from Gaia DR3

The phase space density of stars is a key observable for Galactic dynamics

Can be learned well with a normalizing flow!

DS+ Lim et al 2305.13358
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A PINN for Dark Matter

Fit normalizing flow to Gaia stars
with measured 6d kinematics

\ 4

Learn phase space density f(x, V)

\ 4

Solve eq. Collisionless Boltzmann Equation
for gravitational potential parametrized with NN

Pirsa: 26010068

Green et al 2011.04673, 2205.02244; Naik et al 2112.07657;
An et al 2106.05981; Kalda et al 2310.00040 2507 03742
Buckley, Lim, Putney & DS 2205.01129, 2305.13358, 2412.14236, 2512.09989

Derivatives of potential give
acceleration field and mass density

a(x) = — VO(x)

47Gp(x) = V2D(x)

Unbinned, symmetry-free, data-
driven, fully 3d measurement
with ~ 4 kpc of Solar location!
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Quantified uncertainties:

finite training statistics
* training variance

¢ (Gala measurement errors
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Results: Potential e

DS+ Putney et al 2512.09989 Dashed: MWPotential2014 ®(x)

6 8 10 12
z (kpc) R (kpe)

* Generally good qualitative agreement with gala’s MWPotential2014!
» Expected symmetries (azimuthal, north/south, ...) recovered
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Results: accelerations

DS+ Putney et al 2512.09989

6 b
; 11.122
4 E
C 10.122
2 |
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& [
w
ey i
E 0r 8.122
S o[ 7.122
L 6.122
-4F
i 5.122
a,, (mmisiyr) 7 ’ ax (mmistyr) —6 _]2 . (I]
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* Generally good qualitative agreement with gala’s MWPotential2014!

Pirsa: 26010068

Page 26/47

R (kpc)

25



Results: accelerations

DS+ Putney et al 2512.09989

Also excellent overall agreement
with recent measurements of LOS
Galactic accelerations using
binary pulsars.

4 out of 24 pulsars show >20
discrepancies with both
measurements — could be evidence
for localized disequilibrium in the
Milky Way.
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Results: mass density

DS+ Putney et al 2512.09989
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mass density vs arc height off disk, azimuthally averaged

Pirsa: 26010068

n

p (GeV/cm?)

-

PDM

From 2012.11477

Pom, o (Mg /pcd)

0.010 0.015 0.020
McKee+15 —_—r
Xia+16 'S
Sivertsson+18 —_h— —
Hagen+18 —_—
Guo+20 — A
Salomon+20 —h
Pato+15 (20) —-
Huang+16 =
Benito+19 (20) 0
Benito+20 (20) i
Karukes+19 =
deSalas+19 -+ =
Lin+19 —_—
Sofue_20 =
Bienaymeé+14 —h—
P Tagrs | e Ay, |
Binney+15 A
Cole+17 —h—
Nitschai+20
McMillan 17 —-—
Cautun+20 -+
Weqgg+19 ——
Hattori+20 ®
0.2 0.4 0.6 0.8

Pom, ¢ (Geviem?)

Page 28/47



Results: constraints on models

DS+ Putney et al 2512.09989
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prefer small scale radius date on thin dark disk
and highly cored profile
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3. Anomaly Detection

(Generation and density estimation)
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Types of Anomalies: Outliers vs Overdensities

i “E asy”

f

-75 50 -25 00 25
X

Outliers
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How to select these events?
Especially in higher dimensions?

-3 =2 -1 0 1 2 3 4

Overdensities
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P data(x )

Overdensity anomaly score R(x) =

Pb g(x)
One strategy: learn the overdensity anomaly score from data.
Can use
i Background Data density estimation
: or
classifiers

-4 -3 -2 -1 0 1 2 3 4 -4 3 2 -1 0 1 2 3 4

But where does the background come from?
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Resonant AD: A Sandbox for Overdensity Agmalies

Consider the humble dijet resonance search

___ 137" (13 TeV)

T T
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m; [GeV]

(Data-Prediction)

t mass [TeV]

The “bump hunt”: look for a
bump over smooth background

Sliding window search

Data-driven background
estimation from sidebands

32

Page 33/47



Resonant AD: A Sandbox for Overdensity Anomalies

zl
View on CDS

10°

Cut R(x) > R,

10° §

0%~
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There could be new physics
hiding in dijet resonances

7 - XY
X — jets , Y — jets

ML-enhanced bump hunt

1 SM background
new physics

T
1
| |
: 1 data
8
1
| |
1

S/A/B > 1

NP discovered!

3000 3500 4000 4500 5000

invariant mass [GeV]

Boosted hadronically decaying particles
Extra dimensions
non-minimal RPV SUSY

Dark showers

Additional features can distinguish
new physics from QCD background
X=masses, substructure

Use data in sidebands
to access background

Learn anomaly score

R()C) = pdata(x)
pbg(x)
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Overdensity score: performance

New methods can achieve impressive performance gains over the inclusive bump hunt.

q . .
Signal Region
200 DS+ Hall . ;
. + Hallin et al 2109.00546 —— Supervised
mx=500 GeV 17.5 —— Idealized AD
y —— CATHODE
X E 15.0 1 CWola
re q 3 —— ANODE
21254 RIFVVIEIE. L. e random
; a
E 10.0 A
mz=3.5TeV kY q Q
c
k=)
my=100 GeV 7
LHC Olympics 2020 R&D Dataset & (3T R = e
_ J| Jy 4 ; 1.0
x=(my, 7, ,my,77)

Signal Efficiency (True Positive Rate)

On this signal, ~20 inclusive dijet ==> up to ~300 with CATHODE method [DS+ Hallin et al 2109.00546]

New physics could be hiding in the data right now!
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