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A Physics Nobel Prize for Al/ML!

John J. Hopfield

lllustrations of Nobel Laureates by Niklas EImehed. © Nobel Prize Outreach.



Generative Al 1in the news
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ML 1s also growing rapidly in HEP!

“Machine learning” on INSPIRE arXiv Category

hep-ex 1,637
hep-ph 1,282
cs.LG 1,203
astro-ph.CO 1,170
astro-ph.IM 1,123
astro-ph.HE 764
physics.data-an 647
physics.ins-det 603

astro-ph.GA 531

stat.ML 468




Will ML take my job?

| DA ‘ | am a particle physicist. Will Al take my job?

As an Al language model, | can provide some insights, but please note that predicting the
future with certainty is challenging. While Al has the potential to impact various industries,
including particle physics, its effect on specific jobs is not always straightforward. Let's

consider the role of Al in particle physics:

1. Data analysis: Al can help in analyzing large datasets generated by particle accelerators

and detectors. Machine learning algorithms can assist in identifying patterns, anomalies,

and new physics signals, which can enhance the efficiency and accuracy of data analysis.

Rather than replacing particle physicists, Al can be a valuable tool that complements
their expertise.

2. Simulation and modeling: Al techniques, such as generative models, can assist in
simulating particle interactions and improving the accuracy of theoretical models. This
can help in exploring new theories and predictions, but it still requires the guidance and

interpretation of particle physicists.

3. Experimental design: Al can aid in optimizing experimental setups, data collection
strategies, and detector designs. Particle physicists can work alongside Al systems to

determine the most effective experiments to conduct and interpret the results.

4. Theory development: While Al has shown promise in generating scientific hypotheses

and exploring complex data, the creative and abstract thinking required for developing

fundamental theories still remains a domain of human scientists.

It's important to note that Al is a tool that can augment the work of particle physicists,
helping them handle vast amounts of data and accelerating discoveries. Rather than
replacing experts, Al can free up their time to focus on higher-level tasks, interpretation, and
advancing the field. It's crucial for particle physicists to adapt and embrace Al as a valuable

tool in their research.

Ultimately, the future of any profession, including particle physics, will depend on how it
evolves alongside technological advancements. Embracing Al and developing new skKills
that complement its capabilities can ensure that particle physicists remain at the forefront of

scientific discovery.
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ML — a powertul new tool

Data »

Machine Learning

Modern machine learning allows us to see farther into the data than
ever before.
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log size (PB)

10M Big Data sizes in 2021

5 100 T objects stored
in S3 up to 2021 (5 MB)

140 M hours/day
iM of streaming (1 GB)

71k B e-mails sent from
100k 2020-10 to 2021-09 (75 KB)

500 EB

240k photos/min.
shared in 2021 (total)
(2 MB)
es-?nkai?sm';) S1.1k PBYy CERN
60 GB/s WLCG 40k EB/yr
g transfers in 2018 HL-LHC real
1.9k PBly data expected in 2026
1000 apoox
65k photos/min.
shared in 2021 LHC real
e Youlube o (2 MB) data in 2018 1200 PBYy
733 PBly 800 PBly
5 | N HL-LHC Monte Carlo
t .
1 300 PBly 263 PBly 252 PRIy [ ) G | 240/PRYy data expected in 2026
00 ‘ 160 PBlYy
5 720k hours/da
of video uploaded (¥GB) 1 19:-;3 M i:ew ::',"2020 68 PBYy 62 PBly 30;0 92 1‘”&‘.’1?3?) LHC Monte Carlo
+ 117 8 PENG S N n data in 2018
2 (1.5 GB and 500 GB, respectively) © Luca Clissa (2022)



Era ot Big Data in HEP/Astro/Cosmo

Year launched

No. events/

ane (expected) | objects Siee

LHC 2010 105+ | 10° PB+
Euclid 2023 1010 10 PB
Rubin 2024 1010 10 PB
Roman 2027 10° 10! PB

SKA 2030 10° 1-10 EB

The Big Data era,
already familiar to HEP,
Is coming for Astro/Cosmo
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“All the impressive achievements of deep learning amount to just curve fitting” — Judea Pearl
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Generative Al briefly

z ~ N (0,1)° I “

e Given a collection of data points X; ~ p(x), i = 1,...,N

x ~ p(x)

R L e s L A e e

* A model f(z) that can produce samples x ~ p(x) starting from random
noise z

 (ChatGP1: word ~ p(word | previous words)
(note: both are conditional generative models)

 Midjourney: image ~ p(image | caption) 11



Generative Models and Density Estimation

0.40

- input distribution N=100 points
HlStog ram 0.35 4 = kernel = 'gaussian’
0.3 - kernel = 'tophat’
g 0.30 4 — kernel = 'epanechnikoVv'
-
Q 0.25 -
0 0.2
'8 0.20 -
R 0.15 A
O
E 0.1 0.10 -
g 0.05 -
0.0 0.00 -

* Generative models closely connected to density estimation

 Generative model: sample from p(x)

 Density estimation: estimate p(x)

12
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Example: Normalizing Flows
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Density estimation

Powertul class ot density estimators that are also generative models

* Family of invertible maps parametrized by neural networks

13



r R A e (bt i b S

Example: Normalizing Flows

G .
e
.‘ ‘.N

Z ~ Ppase(2) = H(0,1)°

o
e
e e ]
AT S
B e
o oo
ot S ot
BN T
P ]
ey
S e
o e
eSS 3
¥ o
B 7 s
e
- j_'._’C“rH~
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* Family of invertible maps parametrized by neural networks
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(need tractable Jacobian!)

Po(X) = Ppase(Z = Jo(X))
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Example: Normalizing Flows
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Density estimation

Powertul class ot density estimators that are also generative models
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Example: Normalizing Flows

(Generation

ﬁ

X ~ p(x)
Density estimation
Powertul class ot density estimators that are also generative models
0
* Family of invertible maps parametrized by neural networks Pl =p,_ - [() (')_Z
X
 Train with maximum likelihood objective =~ L = — Z log py(x;) ineed frdciable Jacoban
x;Edata

« Compose multiple maps for greater expressivity



Flows
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T'he Search for “New Physics™

I The Standard Model of particle physics s Leptons | Theorised/explained

: Bosons
Years from concept to discovery Quarks | Discovered
>
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T'he Search for “New Physics”

L I matter matter/anti-matter asymmetry

Primordial Primordial
Matter ‘{,
relational velocity RN S— ._,-..
fom/s] | 73

10,000,000,001

distamce from center [Mght years)

neutrino masses

m? -y, NV, .V, m?
A A
Normal Inverted
2 2
11, 1~ — T,
solar 0
— T
~ atmospheric
Z ~2x10 93

i |7 We know the “new physics”
T T |- must be out there ...




ATLAS SUSY Searches™ - 95% CL Lower Limits

Status of NP searches at LHC

ATLAS Preliminary

July 2019 Vs =13 TeV
- -1 - -
Model Signature  [Lar ™) Mass limit Reference
L] L] L) L] L] L] L] Ll I L] L] L] L} L}
4d, §—qt) Oe.p 2-6jets EPS  36.1 1.55 m(&%)<100 GeV 1712.02332
* mono-jet  1-3jets EM™S  36.1 0.71 m(g)-m(¥})=5 GeV 1711.03301
£ 32, 3—qg¥) Oe.p 2-6jets EP  36.1 4 2.0 m(/\7(|:)<200 GeV 1712.02332
§ F4 Forbidden 0.95-1.6 m(t})=900 GeV 1712.02332
8 23, 2—qa(tox) 3eu 4 jets A 36.1 g 1.85 m(¥})<800 GeV 1706.03731
© ee, p 2jets  EP™ 361 g 1.2 m(z)-m(¥1)=50 GeV 1805.11381
§ 88, 3—qqWZX, 0ep 7-11jets EMSS 361 4 1.8 m(¥}) <400 GeV 1708.02794
S SSe.u 6 jets 139 |2 1.15 m(2)-m(¥1)=200 GeV ATLAS-CONF-2019-015
= N ) i
= g gouX) 0-1epu 3b EPS 798 | & 2.25 m(X?)<200GeV ATLAS-CONF-2018-041
SSe,u 6 jets 139 |2 1.25 m(g)-m(¥])=300 GeV ATLAS-CONF-2019-015
byby, by —b¥] /KT Multiple 36.1 by Forbidden 0.9 m(¥})=300GeV, BR(hT})=1 1708.09266, 1711.03301
Multiple 36.1 | b Forbidden 0.58-0.82 m(¥!)=300 GeV, BR(bY})=BR(t¥})=0.5 1708.09266
Multiple 139 by Forbidden 0.74 m(¥})=200 GeV, m(¥})=300 GeV, BR(t¥])=1 ATLAS-CONF-2019-015
o (= biby, by —b¥s — bhY) Oe,u 6b Eimiss 139 by Forbidden 0.23-1.35 Am(¥3.%1)=130 GeV, m(f})=100 GeV SUSY-2018-31
X0 by 0.23-0.48 Am(¥3.¥)=130GeV, m(¥})=0 GeV SUSY-2018-31
T o .
§§ i1y, [1—>WbY) or it} 0-2e.u 0-2jets/1-2b EP'™  36.1 h 1.0 m(¥})=1GeV 1506.08616, 1709.04183, 1711.11520
- g 7y, [ — Wb leu  Bjets/tb EMS 139 |47 0.44-0.59 m(¥!)=400 GeV ATLAS-CONF-2019-017
g’-g i1, h>71by, 71276 17+ 1eut 2jets/1 b E{;“-‘“ 36.1 i 1.16 m(71)=800 GeV 1803.10178
= A S e Oe,u 2¢ ERss 361 ¢ 0.85 m(¥})=0GeV 1805.01649
™0 . 7 0.46 m(7 ,&)-m(¥")=50 GeV 1805.01649
Oe,pu mono-jet  EiisS 361 f 0.43 m(i, ,&)-m(¥})=5 GeV 1711.03301
iy, =1 +h 1-2e.pu 4 b EPS 361 | 0.32-0.88 m(¥})=0 GeV, m(7,)-m(¥})= 180 GeV 1706.03986
hb, h—h +Z e 1b EPS 139 | & Forbidden 0.86 m(¥})=360GeV, m(7,)-m(¥})= 40 GeV ATLAS-CONF-2019-016
XiX3 via Wz 2-3e.p EMs 361 | iR 0.6 m(¥})=0 1403.5294, 1806.02293
ee, > 1 EP'S 139 | G/, 0.205 m(¥;)-m(t))=5 GeV ATLAS-CONF-2019-014
VEET via WW 2 e Emss 139 | @ 0.42 m(¥])=0 ATLAS-CONF-2019-008
YIRS via Wh O-leu  2b2y EMS 139 | X;/X; Forbidden 0.74 m(t})=70 Gev | ATLAS-CONF-2019-019, ATLAS-CONF-2019-XYZ
o ¥ 4 ] 1 I ~ ~ - ~
> 8 Vi via 7L/ 2 e Emiss 139 i 1.0 m(Z,7)=0.5(m (¥} )+m(¥})) ATLAS-CONF-2019-008
W= 2 7000 27 EPs 139 | T [FL, fr L] N0HG0:8] 0.12-0.39 m(¥})=0 ATLAS-CONF-2019-018
PLrlLR, I—C) 2e,p Ojets  EMs 139 |7 0.7 m(&0)=0 ATLAS-CONF-2019-008
2ep > 1 EP™S 139 |7 0.256 m(Z)-m(¥})=10 GeV ATLAS-CONF-2019-014
HH, H—-hG/ZG Oe,u >3b B 361 i 0.13-0.23 0.29-0.88 BR(Y| — hG)=1 1806.04030
dep Ojets  EF™ 361 | @ 0.3 BR(! — ZG)=1 1804.03602
8 «» Direct XX prod., long-lived X7 Disapp. trk 1 jet EMss 361 X 0.46 Pure Wino 1712.02118
g % ,\7’} 0.15 Pure Higgsino ATL-PHYS-PUB-2017-019
1y E‘ Stable g R-hadron Multiple 36.1 z 1902.01636,1808.04095
S 2 Metastable g R-hadron, 2—qgt) Multiple 36.1 m(¥))=100 GeV 1710.04901,1808.04095
LFV pp—v; + X, Vr—eu/et/ut ep,eT Ut 3.2 A5,=0.11, A132/133/233=0.07 1607.08079
YEXT 10 — wwyzettevy dep Ojets  EMS 361 m(¥})=100 GeV 1804.03602
82, 8—q¢01, X! = qqq 4-5large-R jets 36.1 Large 1, 1804.03568
E Multiple 36.1 m(¥)=200 GeV, bino-like ATLAS-CONF-2018-003
@C 7 iotd), X - ths Multiple 36.1 m(F})=200 GeV, bino-like ATLAS-CONF-2018-003
f1ty, t1—bs 2jets+2b 36.7 1710.07171
ni, ii—qt 2e,u 2b 36.1 BR(i, —be/bu)>20% 1710.05544
1u DV 136 BR(7; —qy)=100%, cos(,=1 ATLAS-CONF-2019-006
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*Only a selection of the available mass limits on new states or
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Status of NP searches at LHC

ATLAS SUSY Searches™ - 95% CL Lower Limits

ATLAS Preliminary
Vs =13 TeV

May 2019

Overview of SUSY results: gluino pair production
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July 2019
Model . .
. CMS (preliminary)
é 78 §—4a¥1
§ 36/137 tb! (13 TeV)
2 -~
% 88, 8—qqWz pp — gg
= g g — tt{V|0¢: SUS-19-005;SUS-19-006,arXiv:1710.11188,1802.02110
P— 1¢0: arXiv:1705.04673;1709.09814
2( same-sign, > 3/(: SUS-19-008
gg Phnbiont & — tt — ttx | 0% arXiv:1710.11188
% i - 1£: arXiv:1705.04673
E%E ::::;‘(’?" 2( same-sign, > 3/: SUS-19-008
o e g — tt — tex? |06 arXiv:1710.11188
2, =i + 2( same-sign: SUS-19-008
;XHM § — tby: — tb'{? [0f arXivii70407781
S8 via W 2( same-sign: SUS-19-008
. );:a‘[“/ g — (tty?/bby?/tby; — tbff’{?) |06 arXiv:1704.07781:1710.11188
S Z’:zfzt g — bby{|0¢: SUS-19-005;SUS-19-006,arXiv:1802.02110
o g — qq\; |0 SUS-19-005:SUS-19-006,arXiv:1802.02110
g — qq(X7/X32) — aa(W/Z)X7 | 0f: SUS-19-006
g% Direot £i41 | 2/ same-sign, > 3/(: SUS-19-008
§’§ ;‘;‘::tjbf:z g — qqXi — aqW Y [ 16 arXiv:1709.09814 z = 0.5
LFV pp—>ie. 2( same-sign, > 3/: SUS-19-008
. Z;:/jw;}‘ g — qqys — qqHY] [06 arXiv:1712.08501
& i g — qqx9 — qqH/Z? [06: arXivi1712.08501
fnh, fi—bs
i, =gl 500 1000

"Only a selection «

b ArmArAAr S 1S ~l

0

1500 2000

mass scale [GeV]

Selection of observed limits at 95% C.L. (theory uncertainties are not included). Probe up to the quoted mass limit for light LSPs unless stated otherwise.
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Status of NP searches at LHC

ATLAS SUSY Searches™ - 95% CL Lower Limits

July 2019
Model
4d, G—aX\

()]

() S _=~0

-§ 88, 8—q4X )

CMS (preliminary)

ATLAS Preliminary

May 2019

ATLAS Exotics Searches* - 95% CL Upper Exclusion Limits

Overview of SUSY results: gluino pair production

Vs =13 TeV
ference

1712.02332
1711.03301

1712.02332
1712 2332

ATLAS Preliminary

Status: May 2019 [£dt = (3.2-139) fb! V5 =813 TeV
; . 9-015
Model £y Jetst ET™ [rdtfb] Limit Reference sos1
L] T L | l L] L] T L] L] T LI ) I T L] T L] L} L] LI ) l L] L] L] L]
ADD Gk + g/q 0eu 1-4j  Yes 361 |Mp 7.7 TeV n=2 1711.03301 9015
g ADD non-resonant yy 2y - - 36.7 Ms 8.6 TeV n=3HLZNLO 1707.04147
S  ADDQBH - 2j - 370 | Mu 89TeV n=6 1703.09127 03301
€  ADDBH high ¥ pr >lepu >2j - 3.2 M 8.2 TeV n=6, Mp = 3 TeV, rot BH 1606.02265
“E’ ADD BH multijet - >3] - 36 | My 9.55TeV n—6, Mp = 3 TeV, rot BH 1512.02586 9015
3 RS1 Gk — yy 2y - - 36.7 Gkk mass 4.1 TeV k/Mp = 0.1 1707.04147 q
©®  BulkRS Gkx - WW/ZZ multi-channel 36.1 Gk mass 2.3 TeV k/Mp = 1.0 1808.02380 1
= Bulk RS Gk — WW — qqqq Oe,u 2J - 139 Gkk mass 1.6 TeV k/Mp =1.0 ATLAS-CONF-2019-003
w Bulk RS gkk — tt le,u 21b,>1J/2) Yes  36.1 gkk mass 3.8 TeV r/m=15% 1804.10823 » 1711.11520
2UED / RPP leu =22b,>23j Yes 36.1 KK mass 1.8 TeV Tier (1,1), B(AMD - 1) =1 1803.09678 9-017
SSM Z" — (¢t 2epu - - 139 2’ mass 5.1 TeV 1903.06248
o SSM Z' - 1t 27 - - 36.1 Z' mass 2.42 TeV 1709.07242
g Leptophobic Z’ — bb - 2b - 36.1 Z' mass 2.1 TeV 1805.09299
3 Leptophobic Z’ — tt leu >1b>1J2] Yes  36.1 Z’ mass 3.0 TeV M/m=1% 1804.10823
o SSM W'’ — (v 1eu - Yes 139 W’ mass 6.0 TeV CERN-EP-2019-100
S  SSMW -1y 17 - Yes 361 | W mass 3.7 Tev 1801.06992
2 HVT V' - WZ — qqqqg model B O e, u 2J - 139 V’ mass 3.6 TeV gv=3 ATLAS-CONF-2019-003  9-016
Q] HVT V' - WH/ZH model B multi-channel 36.1 V’ mass 2.93 TeV gv=3 1712.06518
LRSM Wg — tb multi-channel 36.1 | Wg mass 3.25 TeV 1807.10473 2293
LRSM Wg — ulNg 2u 1J - 80 | Wg mass 5.0 TeV m(Ng) = 0.5TeV, g, = gr 1904.12679 9-014
. Clgqqq - 2j - 370 |A 218 TeV 1, 1703.09127 9-008
O Clttqq 2e,u - - 36.1 A 40.0 TeV 1, 1707.02424 S5-CONF-2019-XYZ
Cl tttt >leu 21b,21j Yes 36.1 A 2.57 TeV [Cae| = 4 1811.02305 9-008
Axial-vector mediator (Dirac DM) Oe,u 1-4j Yes 36.1 Mpmed 1.55 TeV £,=0.25, g,=1.0, m(y) = 1 GeV 1711.03301 9-018
= Colored scalar mediator (Dirac DM) 0 e, u 1-4j Yes 36.1 Mined 1.67 TeV g=1.0, m(y) = 1 GeV 1711.03301 9-008
Q vy EFT (Dirac DM) Oe,u 14, <1j  Yes 32 | m, 700 GeV m(x) < 150 GeV 1608.02372 9-014
Scalar reson. ¢ — ty (DiracDM) 0-1e,u  1b,0-1J Yes 36.1 mg 3.4 TeV y=04,1=0.2, m(y) = 10 GeV 1812.09743
Scalar LQ 1°* gen 12e > 2] Yes  36.1 LQ mass 1.4 TeV B=1 1902.00377
C  ScalarLQ 2" gen 1.2u > 2] Yes  36.1 LQ mass 1.56 TeV B=1 1902.00377
= ScalarLQ 3" gen 27 2b - 36.1 | LQumass 1.03 TeV B(LQY — br) =1 1902.08103
Scalar LQ 3™ gen 0-1e,u 2b Yes 36.1 LO;’ mass 970 GeV B(LQY > tr) =0 1902.08103 17-019
VLQ TT — Ht/Zt/Wb+ X  multi-channel 36.1 | Tmass 1.37 TeV SU(2) doublet 1808.02343 04095
§‘ &; VLQ BB —» Wt/Zb+ X multi-channel 36.1 B mass 1.34 TeV SU(2) doublet 1808.02343 04095
m & VLQT53TssTsz » Wi+ X 2(SS)>3euz21b 21 Yes 361 Ts3 mass 1.64 TeV B(Ts;3 » We)=1, c(Ts3 We)=1 1807.11883
:q:) g_ VLQY - Wb+ X 1eu >1b,>1] Yes 36.1 Y mass 1.85 TeV B(Y — Wh)=1, cr(Whb)=1 1812.07343
VLQ B - Hb+ X Oep,2y 21b,>21j Yes 79.8 B mass 1.21 TeV kg=05 ATLAS-CONF-2018-024
VLQ QR — WqWq Tenu 24]  Yes 203 [ONEGSIeoocew 1509.04261
w Excited quark ¢* — qg - 2j - 139 q* mass 6.7 TeV only u” and d*, A = m(q") ATLAS-CONF-2019-007 8-003
B g Excited quark g* — qy 1y 1] - 36.7 q" mass 5.3 TeV only u” and d*, A = m(q") 1709.10440 8-003
2 § Excited quark b* — bg - 1b, 1] - 36.1 b* mass 2.6 TeV 1805.09299
w @ Excited lepton ¢* 3eu - - 20.3 = A=3.0TeV 1411.2921
Excited lepton v* Seut - - 20.3 A=16TeV 1411.2921 0,006
Type Il Seesaw 1e,u > 2] Yes 79.8 N° mass 560 GeV ATLAS-CONF-2018-020
LRSM Majorana v 2u 2j - 36.1 Ng mass 3.2 TeV m(Wg)=4.1TeV, g, = gr 1809.11105
S Higgs triplet H** — ¢£¢ 234e,u(SS) - - 36.1 H** mass 870 GeV DY production 1710.09748
£ | Higgs triplet H** — ¢t 3euT - - 203 — DY production, B(H;* — {r) =1 1411.2021
o} Multi-charged particles o - - 36.1 multi-charged particle mass 1.22 TeV DY production, |q| = 5e 1812.03673




CMS (preliminary)

Vec

o(Xtq) x B(X — tW), RH B2G-17-018
o(Xtq) x B(X — tW), LH B2G-17-018
o(Btg) x B(B — tW), RH B2G-17-018

Ve

X5/3 — tW(LH)

X5/3 — tW(RH)

YY, B(Y — bW) = 100%
BB doublet

BB singlet

BB, B(B — bH) = 100%
BB, B(B — bZ) = 100%
BB, B(B — tW) = 100%
TT doublet

TT singlet

TT, B(T — tH) = 100%
TT, B(T — tZ) = 100%
TT, B(T — bW) = 100%

QQ doublet B2G-12-01
QQ singlet B2G-1
QQ, B(Q — gH) = 100% B2G-12-016
QQ, B(Q — gZ) = 100% B2G-12-01
QQ, B(Q — gW) = 100%

0.0 0.2
CMS, EPS-HEP 2019

Selection of observed limits at 95% C.L. |
The quantities AM and x represent the :
sparticle and the LSP relative to AM, re
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BB=[(f* x>
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CMS, EPS-HEP 2019
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MS (preliminary)

Vec

o(Xtq) x B(X — tW), RH

B2G-17-018

o(Xtq) x B(X — tW), LH

B2G-17-018

o(Btg) x B(B — tW), RH

B2G-17-018

X5/3 — tW(LH)
X5/

Ve

Moriond 2019

I L A e s 1 A - ..

Resonances to dibosons (s = 13 TeV)
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0.0

CMS, EPS-HEP 2019

Selection of observed limits at 95% C.L. |
The quantities AM and x represent the :
sparticle and the LSP relative to AM, re

0.2

BB—(f* L *1*
BB=[(f* x>

Z'—ZH (b + vwbb) [ricRrany

2'+7H (agbb
2-7H (aaw

HVT (all final states) jeracql:Eues
HVT-WW+WZ (qaqQq) e R

HVT-+WHs ZH (qabb)

HVT —WH+ZH (#bb+abb+vwbb)
HVT -+ WH=+ZH (qgr)
Bulk Graviton k=0.5 (all final states) [EPlcRERiS 2.0
Bulk G—WW+2Z (qaa0)
Bulk G2WW (vqq) EacmliRr-:)
Bulk G—2Z (qaw)

Buk G-+2Z (ad
Bulk G—ZZ (#w)

Bulk G—HH (bbbb)

Radion (Ar = 3 TeV)—HH (bbbb)
Radion (As = 3 TeV)—HH (vqgbb)

0 1.5 3 4.5 6
ST, SrE-oUE S 95% CL Lower Mass L|m|t [TeV]



MS (preliminary) Moriond 2019

I L A e s 1 A - ..

Vec Resonances to dibosons (s = 13 TeV)

o(Xtq) x B(X — tW), RH Ak W’ (all final states) B2G-18-006 0.3
o(xta) x BOX — W), LH |1 [ W -WZ (aaqc)
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W WZ (e

Ve W'—-WZ (qg#) 826-17-013
W'—=WH (abb) 826-17-004
X5/3 — tW(LH)

W WH (o)
wev— By now, hundreds (thousands?) of searches for new phys:cs at the LHC

HVT

model B
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single
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— 0
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Is there really no new phys:cs m the LHC data?
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GiMS, EFe-HER 20119 CMS, EPS-HEP 2019

Selection of observed limits at 95% C.L. |
The quantities AM and x represent the :
sparticle and the LSP relative to AM, re



ML for New Physics Searches

All but a few of these LHC searches are
optimized for specific models
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ML for New Physics Searches

All but a few of these LHC searches are
optimized for specific models
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There could be vast, untapped discovery potential with
ML-powered model-agnostic searches




ML for New Physics Searches

The LHC Olympics 2020

A Community Challenge for Anomaly
Detection in High Energy Physics

Gregor Kasieczka (ed),! Benjamin Nachman (ed),?? David Shih (ed),* Oz Amram,’
Anders Andreassen,® Kees Benkendorfer,”” Blaz Bortolato,® Gustaaf Brooijmans,’
Florencia Canelli,' Jack H. Collins,!' Biwei Dai,'? Felipe F. De Freitas,'> Barry M.

Dillon,®!* loan-Mihail Dinu,”> Zhongtian Dong,'® Julien Donini,'® Javier Duarte,'” D.

A. Faroughy!’ Julia Gonski,” Philip Harris,'® Alan Kahn,” Jernej F. Kamenik,®1°
Charanijit K. Khosa,?’3° Patrick Komiske,?! Luc Le Pottier,>?? Pablo
Martin-Ramiro,??3 Andrej Matevc,'” Eric Metodiev,?! Vinicius Mikuni,'° Inés
Ochoa,?* Sang Eon Park,'® Maurizio Pierini,?> Dylan Rankin,'® Veronica Sanz,?0:26
Nilai Sarda,?” Uros Seljak,?3'? Aleks Smolkovic,® George Stein,?'? Cristina Mantilla
Suarez,” Manuel Szewc,?® Jesse Thaler,?! Steven Tsan,!” Silviu-Marian Udrescu,'®
Louis Vaslin,'® Jean-Roch Vlimant,?® Daniel Williams,” Mikaeel Yunus'®

https://arxiv.org/abs/2101.08320

https://arxiv.org/abs/2105.14027

The Dark Machines Anomaly Score Challenge:
Benchmark Data and Model Independent Event
Classification for the Large Hadron Collider

T. Aarrestad® M. van Beekveld® M. Bona® A. Boveia® S. Caron? J. Davies®

A. De Simone/9 C. Doglioni” J. M. Duarte’ A. Farbin’ H. Gupta® L. Hendriks?
L. Heinrich® J. Howarth! P. Jawahar™® A. Jueid” J. Lastow” A. Leinweber®

J. Mamuzic? E. Merényi? A. Morandini” P. Moskvitina® C. Nellist® J. Ngadiuba®’
B. Ostdiek*? M. Pierini® B. Ravina’ R. Ruiz de Austri”? S. Sekmen¥

M. Touranakou®® M. Vaskeviciute! R. Vilalta¥ J.-R. Vlimant’! R. Verheyen?

M. White® E. Wulff® E. Wallin” K.A. Wozniak®¢ Z. Zhang?

A lot of new ideas for model-agnostic searches!

—
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https://arxiv.org/abs/2101.08320
https://arxiv.org/abs/2105.14027

A stmple toy model

Background

N-A

21

T'here are 200 anomalous events here (out of 10,000), can you spot them?
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T'here are 200 anomalous events here (out of 10,000), can you spot them?

Iry: 2d histogram (simple torm ot density estimation)
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A stmple toy model

Background Data

Overdensity
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2d histogram
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A stmple toy model

Background Data

Overdensity
clearly visible 1n

2d histogram

How to select the
anomalous events?
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T'here are 200 anomalous events here (out ot 10,000), can you spot them?

Iry: 2d histogram (simple torm ot density estimation)
21



T'he Anomaly Score

Background Data

pdata(x)
pbg(x)

This 1s actually Neyman-Pearson optimal for any, unknown signal!

Paara®) = (1 — €)py, (1) + €p;,(X)

Idea: select events using ““anomaly score® R(x) =

22
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lwo approaches to estimating R(x)
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=
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3
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-
¥
b3
»
by
-
£
E
s

. Direct density estimation: train density estimators on data and
background samples to learn p,,,,(x) and p,,(x)

2. Likelihood ratio trick: train a binary classifier on data vs.

(%)
background Samples to learn R(X) - de Neyman-Pearson lemma

pbg(x)
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Anomaly score 1n action

Background Data

24



Anomaly score 1n action

Background Data

events with R(x) > 1.2

(density estimation method
with Gaussian mixture models)

24
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How to evaluate performance?

After cut on R(x),

NSl-g = N N,

Sig? = €B]V bg

8

et et ety
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How to evaluate performance?

After cut on R(x),

8 e, Y,

Sig? = €B]ng

8

Original significance
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How to evaluate performance?

After cut on R(x),

8 e, Y,

SIQ? = €B]\]bg

8

Rk d R A G A A e s S A B S b e ik b e L AT

Original significance Enhanced significance

&
3
gii
2
|
“’rﬁ
;
E
£
£
3
&
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How to evaluate performance?

|~
E
.}’.
K
t
3 .
3
E
g‘
E .
E
-
E‘
E
3
E

After cut on R(x),

Nsig — €¢IV

SIQ?

Original significance Enhanced significance

“Significance improvement factor”
25
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How to evaluate performance?

After cut on R(x),

8 e, Y,

Sig?

Initial 26 significance can be enhanced over ~7x

1n the toy example!

] = density estimators
— dassifier

. Sig -
N, -
1 -
0 -
Original significance Enhanced significance 0.0 0.2 0.4 0.6 0.8 10

“Significance improvement factor”

25
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Resonant Anomaly Detection

 In practice, don’t have access to pertect background samples.
Need simulation or data-driven control regions

One successtul strategy: build on the classic “bump hunt™

- from 2109.00546
e assume signal is localized in some feature m Toee s s
. P .4
e learn background in sidebands o e
.
\xi_ 5
» interpolate this to approximate background in “EQ&\;
signal region liia
| | >
SB I SR I SB
Pp.x|m e SB) = p, (x|m € SR) : : "
g g Pdata(T|m € SB) Pdata(|m € SR) Pdata(z|m € SB)
96 = ppg(x|m € SB) ata = ppg(z|m € SB)



https://arxiv.org/abs/2109.00546
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Resonant Anomaly Detection Methods

#‘:
o &
e

a.u.4

SB i SR i SB @ m

pdata(x|m S SB)
= Pprg(z|m € SB)

pdata(x|m S SB)

pdata(x‘m S SR) _ pbg(ﬂf|m c SB)

28



Resonant Anomaly Detection Methods

Idealized Anomaly Detector

perfect background samples from p, (x| m € SR)
g

i n

T ¢ ' |

) . T | I
s l ]

. g:-:.: . 3 : ..
‘; ‘Ea“.“ . : L .;“--. ° :
AT I00 L I "-’"-'"-3:5:::" ' |
e .:. 1 -:‘:-q.’:‘:n.- 1 .

:" I o ° .’.’. c... I

I el 1

. ’

I > I

I

a.u. 4

.

SB 5 SR SB m

pdata(x|m S SB)
= Pprg(z|m € SB)

pdata($|m S SB)

pdata(w‘m S SR)
= Ppg(z|m € SB)

28



Resonant Anomaly Detection Methods

#‘:
o &
e

a.u.4

SB i SR i SB @ m

pdata(x|m S SB)
= Pprg(z|m € SB)

pdata(x|m S SB)

pdata(x‘m S SR) _ pbg(ﬂf|m c SB)

28



Resonant Anomaly Detection Methods
CWol.a Hunting

Collins et al (2018), (2019)

background samples directly
from SB, valid if
pbg(x‘m € 5B) = pbg(xlm € SR)

%o 8% ?.‘e : *
IR

a.u. 4 i i
™ s s
T | i
T | |
\\(;‘\.j

I I >

SB i SR i SB m

pdata(x|m S SB)
= Pprg(z|m € SB)

pdata($|m S SB)

pdata(x‘m S SR) _ pbg($|m c SB)

28


https://arxiv.org/abs/1805.02664
https://arxiv.org/abs/1902.02634

Resonant Anomaly Detection Methods

#‘:
o &
e

a.u.4

SB i SR i SB @ m

pdata(x|m S SB)
= Pprg(z|m € SB)

pdata(x|m S SB)

pdata(x‘m S SR) _ pbg(ﬂf|m c SB)

28



Resonant Anomaly Detection Methods

o oo, 1 R .
o ° ° 00 %0 @ °
.';,'."ﬁ ;=. %@ o | : .. ..“'. X ..
% T2 . %% ¢‘! ¥,
cd e : e feste
o g% ee® LI

a.u. 4

;\\‘ — «+— C(lassifying Anomalies THrough Outer
T ; Density Esttimation (CATHODE)
\\f\:\( DS+ Hallin et al (2029)

background samples from
normalizing flow fit to sidebands

’ > . oo (S]f ’ Pye(x|m € SB) = p, (x| m € SR)
Pdata(T|m € SB Pdata(T|m € SB
_ pi,g(fl?|m c SB) pdata(w‘m S SR) _ plg( |m c SB)

28


https://arxiv.org/abs/2109.00546

Resonant Anomaly Detection Methods

a.u.4

oy

SB i SR i SB @ m

pdata(x|m S SB)
= Pprg(z|m € SB)

pdata(x|m S SB)

pdata(x‘m S SR) _ pbg(ﬂf|m c SB)

28



Resonant Anomaly Detection Methods

NP DR
IR

a.u. 4

ANOmaly detection throu

Density Estimation (ANODE) \\i\
Nachman & DS (2020) L

\ 74

Normalizing flow fit to sidebands:

Ppe(x|m € SB) — p(x|m € SR) SB i SR § S8 m

pdata(x|m S SB)
= Pprg(z|m € SB)

pdata($|m S SB)

Normalizing flow fit to signal region: — pog(z|m € SB)

pdata(x‘m S SR)

P (X | m € SR)

28


https://arxiv.org/abs/2001.04990

Proot ot concept: LHC Olympics 2020 R&D Dataset

* T S Ty T T A N T T

 SM background:
IM QCD dyet events

(Pythia8+Delphes, (pr), > 1.2 TeV) mx=500 GeV
 BSM signal: £ «
Z'(3.5 TeV) = X(500 GeV)Y (100 GeV), -
X 575 ad mz=3.5 TeV Y«

my=100 GeV

» A good set of features:

m=mi;y, X = (mjla m]29 (TZI)]l’ (TZI)]Z)

29



https://doi.org/10.5281/zenodo.2629072

Proof ot concept: LHCG Olympics 2020 R&D Dataset

Additional features

Reso_nant feature

105/ | | 1 10% | | -
w Background w Background
| | [ Signal y 1 Signal
| T — ] 104} 104}
' v " Background |
1055 1 _ J 9103 n 103}
| : [ 1 Signal 5 ; :
- - ~ 102! 107
104¢ . 3
5 :m,, € [3.3,3.7] TeV:
hd 3] | ° ’
c 10°¢ SR: 120k events 1075 200 400 600 800 1000 9 0 200 400 600 800 1000
g) : g m;, [GeV] my, —my, [GeV]
LLI : | | | 4.0 - - —
2| ol i Background | mm Background
10 >0 1 Signal 3.5¢ 1 Signal 1
i _4?2.5' 1 ..?
1| 320l 3
o
100 o 510] 5
2000 4000 6000 8000 10000 0.5
mjj [GeV]
0.0
m = mJJ
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https://doi.org/10.5281/zenodo.2629072

Pertormance on LHCO

DS+ Hallin et al (2022)

DS+ Hallin et al (2022) S/VB

0.0 Signal Region 2.14 135  1.02  0.680.510.340.17
- Supervised 17.5 - ' ' ' l ' '
17.5 - - |dealized AD O
= —— CATHODE O 15.0 -
QE) 15.0 - ~ CWolLa .g
g —— ANODE £ 1257
o 1251 W WS N o
2 random & 10.0 -
= o
< S
V v 1o
S S
% < 5.0 NN Y R R T T Yy sy T Yy T IO T YT YN ) A T -+
-
2 SJRPYeSl TRIRIRIRIRIRIRIRIRERE, . OO ]
g —— CATHODE
g 0.0 9 —< CWolLa —»— Supervised
: —>— ANODE —>— |dealized AD
' 10 —25 L T T T T T T T
Signal Efficiency (True Positive Rate) 0.60 0.40 0.30 0.200.150.10 0.05
S/B (%)

for N;, in SR: 800 events
initial S/7/B ~ 2
enhanced up to 15x by CAITHODE

Can improve discovery potential dx
in signal cross section
31


https://arxiv.org/abs/2109.00546
https://arxiv.org/abs/2109.00546

Y T R T P R ey T Y

Full statistical procedure

SN At S T D e SEAT Y

QS 1502.02654 * How to discover anything with resonant
2 10° anomaly detection?
' Signal
10° o-~._*~.1:*~ J:.‘_region_'i E
ARl S B R e S » Signal sensitivity not enough, need an accurate
S 10} T T background estimate
COD -.‘*~°1|“‘--..1|._.. : ~‘~|L‘°"‘*0~~_, aC g Ou
) 102 .""1-~0|-¢._ |o ~-:-~..-l."‘ -o-l_._ T
= e R i e -
SR e S T YA L R e S o (ut on R(x), traditional 1d bump hunt after that
s | . l |
10° | : T “T-.L-L-- --_T
_ +—1 | l e : : : .
10 [Sideband T T [ ' e Background estimation from sidebands, assuming no
b ey :
2000 2500 3000 3500 4000 sculpting
m,]J/GeV

* Robustness: can be suboptimal but not wrong
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Data - Fit

Events / 100 GeV
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From proot-of-concept to actual search

CMS-PAS-EXO-22-026

CMS-PAS-EXO-22-026

_(,:MS’,D’?’fm{”?’Y. . 138fbT(18TeV) CMS Preliminary 138fb" (13 TeV)
: | | ] a 108 Limits on A 5BC, m(A) = 3 TeV ~
CATHODE: B Signal Regions -+ Data : o | ¢ Exvected +10 . VAR
. - % Observed ® * CWola Hunting |
Bkg flt _§ _g 10 s ® x Inclusive B x TNT :
i ) - # % 2-prong (T21, Msp) % » CATHODE
1 104k 3-prong (Taz, Msp) ® x CATHODE-b i
o) - Dedicated Wkk search, QUAK - General -
E Q [ *  PRD 106 (2022)
Q_ |
= 103 -
I T =
3| ;
3 : 3 102} Y Y . 3
ol S 1 (SRR N TR | e PO N E
o || T Ay
N [ T : )
10 ___ix___ _x_;*%_ . ; i
AL
()
> |
S4r « -
(@] B ® ®
£ % x M
S IO N N P
B * 7 )
% T “}ii '"""'i""i'"ii' T
> | | | |
| i | . o0 X-YY =4q W -Bt—-bzZt W, ->WR-3W Y:)HH —4t
SR RS ST U N TR S TSRS ST SR S S TS S Q. (3+3) (2+4) (6+6)
2000 2500 3000 3500 4000 4500 E (2+2)
m;; (GeV) Signal Model
CATHODE 1s a £&MS search now!


https://cms-results.web.cern.ch/cms-results/public-results/preliminary-results/EXO-22-026/index.html

From LHC to Astro: Search tor Stellar Streams

* We realized that the same resonant anomaly detection techniques
could be used to search for stellar streams 1n Gaia data

Gaia satellite:

- Launched in 2013; ongoing

» Angular positions, proper motions, color and
magnitude of over 1 billion stars in our Galaxy

 Distances and radial velocities for a smaller
subset of nearby stars

34



Stellar streams are tidally disrupted
dwart galaxies and globular clusters



https://www.youtube.com/watch?v=DhrrcdSjroY

Stellar streams are tidally disrupted
dwart galaxies and globular clusters



https://www.youtube.com/watch?v=DhrrcdSjroY

Stellar streams

Stellar streams are tidally disrupted
dwart galaxies and globular clusters

Stellar stream in a smooth galaxy

———

/ \
Stellar stream in a clumpy galaxy

: 5 e A
e IRPRET? ' g o -
GATA

Bonaca et al. (2014)

[ [
5 Observed GD-1 stream

o0 Gaia proper motions
9} PanSTARRS photometry . o on oo :
B0 0 it oae s o, B AP S A A A R S 00 Ehndbin i IRttt 5 . oA i
&
-5 | | | | |
50 | | | | |
Model of a perturbed GD-1
o0 t =495 Myr
5) M =5-10° Mg IERIDY R R X A it o
= 0F rs = 10 pc Jo warciii i e AN '-"e“"i’.'w’,""”’mm“‘ R i |
o e b=15pc PRSI
< V =250 km s~
S | | | | | =
-70 -60 -50 -40 -30 -20 -10
de
$1 [deg] Bonaca et al 2019

Streams are unique astrophysical probes
of dark matter



https://www.youtube.com/watch?v=DhrrcdSjroY

ASRALIAS Coa b\ ek S

VAR s
ey d !

nown stellar streams of the Milky Way

45°

600

75°

e
/\T

U 32
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8&
30 .
30° 45
6948
1 o
15° 84 ?1] 9
22
| 64
- -150° -120° 40 50° -60° -30°
63 -
15° 55 # 62‘ 1273 1~
35°
95° MC
-30° 57 ® 13~
48
M
21° - S,C 80
450 93 °k - 39°. &
2 \ 91'7‘
60° n 41 "7
S
75° 44 G2
1=20.0-1 ® 14=C-9 ® 26=Gaia-12 ® 38=Hyllus ® 50=M5 ® 62=NGC6362 ® 74=Pall5
2=300S 15=Cetus-New 27=Gaia-2 39=Indus 51=M68-Fjorm 63=NGC6397 75=Pal5
3=AAU-ATLAS ® l6=Cetus-Palca @ 28=Gaia-3 ® 40=jet ® 52=M92 ® 64=0megaCen-Fimbulthul @ 76=Palca
4=AAU-AligaUma 17=Cetus 29=Gaia-4 41=]helum-a 53=Molonglo 65=0phiuchus 77=Parallel
5=ACS ® 18=Cocytos ® 30=Gaia-5 ® 42=]helum-b @ 54=Monoceros ® 66=0rinoco ® 78=Pegasus
6=Acheron 19=Corvus 31=Gaia-6 43=Kshir 55=Murrumbidgee 67=0rphan-Chenab 79=Perpendicular
7=Alpheus ® 20=Elqui ® 32=Gaia-7 ® 44=Kwando @ 56=NGC1261 ® 68=PS1-A ® 80=Phlegethon
8=Aquarius 21=Eridanus 33=Gaia-8 45=LMS-1 57=NGC1851 69=PS1-B 81=Phoenix
9=C-19 ® 22=GD-1 ® 34=Gaia-9 ® 46=Leiptr ® 58=NGC2298 ® 70=PS1-C ® 82=Ravi
10=C-4 23=Gaia-1 35=Gunnthra 47=Lethe 59=NGC288 71=PS1-D 83=Sagittarius
11=C-5 ® 24=Gaia-10 ® 36=Hermus ® 48=M2 ® 60=NGC3201-Gjoll @ 72=PS1-E ® 84=Sangarius
12=C-7 25=Gaia-11 37=Hnd 49=M30 61=NGC5466 73=Pall3 85=Scamander
13=C-8

86=Slidr
87=Styx
88=Svol
89=Sylgr
90=Tri-Pis
91=Tucanalll
92=Turbio
93=Turranburra
94=Vid
95=Wambelong
96=Willka_Yaku
97=Ylgr

https://github.com/cmateu/galstreams

36



Malhan et al (2018)
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Via Machinae

[ DS, Buckley, Necib ‘23] [DS, Buckley, Necib, Tamanas ‘21]
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Photometry

14 -

16 1

18 1

Age = 10Gyrs
[Fe/H] = -1.6



https://arxiv.org/abs/2303.01529
https://arxiv.org/abs/2104.12789
https://arxiv.org/abs/1804.11339

Malhan et al (2018)

Angular position on the sky

Via Machinae

[ DS, Buckley, Necib ‘23] [DS, Buckley, Necib, Tamanas ‘21]
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Photometry
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Ggp — Grp

e Streams are local overdensities in multiple teatures — 1deal for enhanced bump hunt methods!
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https://arxiv.org/abs/2303.01529
https://arxiv.org/abs/2104.12789
https://arxiv.org/abs/1804.11339

Malhan et al (2018)

Angular position on the sky

Via Machinae

[ DS, Buckley, Necib ‘23] [DS, Buckley, Necib, Tamanas ‘21]
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Photometry
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Age = 10Gyrs
[Fe/H] = -1.6

0.5 1.0
Ggp — Grp

e Streams are local overdensities in multiple teatures — 1deal for enhanced bump hunt methods!

e (Choose either proper motion coordinate as resonant teature
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https://arxiv.org/abs/2303.01529
https://arxiv.org/abs/2104.12789
https://arxiv.org/abs/1804.11339

Malhan et al (2018)

Via Machinae

[ DS, Buckley, Necib ‘23] [DS, Buckley, Necib, Tamanas ‘21]

Angular position on the sky
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Photometry
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18 1

Age = 10Gyrs
[Fe/H] = -1.6

0.5 1.0
Ggp — Grp

e Streams are local overdensities in multiple teatures — 1deal for enhanced bump hunt methods!

e (Choose either proper motion coordinate as resonant teature

e [.earn anomaly score (using normalizing flows) wigh remaining five features



https://arxiv.org/abs/2303.01529
https://arxiv.org/abs/2104.12789
https://arxiv.org/abs/1804.11339

Core method

px (mas/yr)

_20_

I
90 0
pig, (mas/yr)
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illustrated with GD-1 stream

| DS, Buckley, Necib, Tamanas 21|

All stars in a patch of the sky

containing (part of) GD-1
(ra,dec)=(148.6,24.2)


https://arxiv.org/abs/2104.12789

R N e T

Core method — illustrated with GD-1 stream

| DS, Buckley, Necib, Tamanas 21|

% Uk All stars in a patch of the sky
E containing (part of) GD-1
= (ra,dec)=(148.6,24.2)

Train ANODE on a

|
—20 0

proper motion window
containing GD-1 W (mas/yr) bh—r
10% e
103}
< 102
. IE
10°k I
—2 0 2
logyg R



https://arxiv.org/abs/2104.12789

Core method — illustrated with GD-1 stream

| DS, Buckley, Necib, Tamanas 21|

10
% Uk All stars in a patch of the sky
E containing (part of) GD-1
. = (ra,dec)=(148.6,24.2)
Train ANODE on a
proper motion window —50 i
containing GD-1 i (mas/yr)
104 (B;ll{)g-i '
19} F -
10° = % |
< 10° ?-14— S A s Stars in SR after cut on R(x)
10! = R L obtained from ANODE
10%, I —16 o S h - ':”f?'\. :
=9 9 0 | : () k= & L
—20 0 0 1 2 3
py, (mas/yr) b—7
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https://arxiv.org/abs/2104.12789

Core method — illustrated with GD-1 stream

| DS, Buckley, Necib, Tamanas 21|

10
% Uk All stars in a patch of the sky
E containing (part of) GD-1
. = (ra,dec)=(148.6,24.2)
Train ANODE on a
proper motion window —50 i
containing GD-1 i (mas/yr)
104 (B;ll{)g-i '
19} F -
10° = % |
< 10° ?-14— S A s Stars in SR after cut on R(x)
10! = R L obtained from ANODE
10%, I —16 o S h - ':”f?'\. :
=9 9 0 | : () k= & L
—20 0 0 1 2 3
py, (mas/yr) b—7

It works! Fully data-driven, simulation-independent


https://arxiv.org/abs/2104.12789

New Stream Candidates from Gaia DR2

(DS, Buckley, Necib (2023)]

- i

- i il P “‘ 5
\ﬂ,uba*"' - '/“'.b ‘: |l!5iq‘;- ) - -
o ~ <
4 0"«' N AL NN
\ j 7

Many (~ 80-90) new streams potentially discovered in Gaia DR2'

-150° -120° 90° 60° 30° 0°\ 30° 7 60° 90° 120° 150°

(Follow-up studies ongoing to confirm)

-15°
-30°

45°



https://arxiv.org/abs/2303.01529

Spinofl: discovering new ultra-faint dwart galaxies
DS+ McQuinn et al (2023a), (2023b)]

T = |

22°07'00" 16°32'

Pegasus W

25°22'

06'30" 31" | :

Dec

21' <

Dec
Dec

00" 30"
20'

05'30" |- 29!

9h24mQ8s 04° 00° 23M56°

RA

Helped astronomers to discover 3 new ultra-faint “field” dwart galaxies

» First as overdensities ot star counts in DESI Legacy Survey data

e Then confirmed with dedicated Hubble time
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https://arxiv.org/abs/2301.04157
https://arxiv.org/abs/2307.08738

Mapping Dark Matter in the Milky Way

[Lim, Putney, Buckley & DS (2022), (2023]]

» ldea: can measure 3d map of dark matter density p,,,(X) near the Sun
using Gaia data!

1. Fit normalizing flows to stellar positions and velocities => phase space density f(?c, V)
2. Use the Boltzmann equation to extract acceleration and mass density
8 5 ey Iy
. — - e
ot ' 'dz; Oz; O, f
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https://arxiv.org/abs/2205.01129
https://arxiv.org/abs/2305.13358

P T T T T ™

p (1072 Mg /pc?)

pom (1072 Mg /pc?)

Mapping Dark Matter in the Milky Way

[Lim, Putney, Buckley & DS (2022), (2023)]
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Mapping Dark Matter in the Milky Way

[Lim, Putney, Buckley & DS (2022), (2023]]
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* Breakthroughs in AI/ML are enabling a new paradigm for new
physics searches

* ['he new techniques we are developing for new physics searches have
broader applicability, e.g. to search for stellar streams 1n GGaia data.

e 'T'here 1s a lot more data coming, including HL-LHC, Gaia DR4,
Fuchd, LSS, Roman, SKA, ...

 Modern ML gives us new ways to look deeper into the data. Exciting
discoveries await!
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...leading to much higher

. performance using more teatures!
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Further improvements

Relying on high-level physics features 1s not fully model-agnostic...

DS+ Buhmann et al (2023)
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feature model is conditioned on time ¢ and dijet mass m;;, while the particle feature model is explicitly conditioned on the jet
features pt, 1, ¢, and m. N is used to determine the number of particles per jet.
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With recent breakthroughs in generative modeling (diftusion, flow-matching),
using all the low-level information (jet constituents) 1s becoming possible!
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Residual ANODE

[Das, Kasieczka & DS (2023)]

Can do even better by freezing background density and only fitting a
small “residual” density estimator to learn the signal in data

L. Fit pp,(x) to background

2. Freeze p,,(x) and fit
(1=w) pp(x) + wp,(x) to data
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In R-ANODIE, fitting p;,(x) to the data in

the signal region directly gives an empirical
model for the signal. Gan visualize this!

Can also directly infer the signal strength!
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