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The Challenge

Q: How do you find a
needle in a haystack?




The Challenge

Q: How do you find a
needle in a haystack?
A: You use a magnet!




The Challenge
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Plausible Theory: Verification: Confirm ot
SUSY, WIMPs, LLPs the theory using data was 9
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The Challenge

-

Search for anomalies!
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Create a neural network to accomplish 2 tasks:
Classify jets: learns the difference in
radiation signature between jet types
Generate jets: implicitly learn the likelihood of
jets for different initial partons

V. Mikuni, B. Nachman, Phys.Rev.D 111 (2025) 5, L051504
W. Bhimiji, C. Harris, V. Mikuni, B. Nachman, Phys.Rev.D 113

(2026) 3, 3 D 4



1 Billion Dataset

Combine multiple open datasets in

Dataset Training Validation Test HEP

JetClass [14] 100M 20M 5M TTF

JetClass2 [33] 200M 600k 600k More than 1 ,B'"'O" Jets are
Aspen Open Jets [34] 125M  25.7M  26.6M accessible directly from the
ATLAS Top Tagging [35] 178M 20M 22M  goftware Dackaqe

H1 DIS 422M 872k 255k

CMS QCD oo 175M  16m @ 210 Jet Classes

CMS BSM 173.5M  17M  17M e Mixture of simulations with
Total 1057.7M 101.8M 67.6M

real experimental data


https://www.google.com/url?q=https://github.com/ViniciusMikuni/OmniLearned/tree/main&sa=D&source=editors&ust=1789511392232516&usg=AOvVaw3uaeBZZJPe2XzSNgX1Z_Y2

Jet Classification: Top Tagging

Acc  AUC 1/ep
es = 0.5 es = 0.3

ResNeXt-50 [19] 0.936 0.9837 302 £5 1147 + 58
P-CNN [19] 0.930 0.9803 201 +£4 759 + 24
PFN [16] - 0.9819 247 £+ 3 888 + 17
ParticleNet [19] 0.940 0.9858 397 £ 7 1615 + 93
JEDI-net [18] 0.9300 0.9807 - 774.6
PCT [22] 0.940 0.9855 392 4+ 11 1559 4+ 98 F. h . d d I
LGN [63] 0.929 0.964 - 435 £+ 95 - -
rPCN [20] - 0.9845 364 =9 1642 + 93 ¢ Ine tune t e pre tralne mo e On
LorentzNet [64] 0.942 0.9868 498 £ 18 2195 £ 173 1 |
PELICAN [65] 0.9425 0.9869 - 2289 + 204 the TOp Tagglﬂg Commun |ty Dataset,
ParT [14] 0.940 0.9858 413 =16 1602 * 81 - .
ParT-£t. [14] 0.944 0.9877 691 + 15 2766 + 130 a traditional benchmark dataset in
Mixer [66] - 09859 416 -
MIParT [26] 0.942 0.9868 505 +8 2010 &+ 97 H E P
MIParT-f.t. [26] 0.944 0.9878 640 = 10 2789 + 133
L-GATr [67] 0.9423 0.9870 540 £ 20 2240 + 70
L-GATr-f.t. [67] 0.9446 0.9879 651 = 11 2894 + 84
PET [11, 12] 0.938 0.9848 340 + 12 1318 4+ 39
OMNILEARN [11, 12] 0.942 0.9872 568 +9 2647 + 192
PET v2-s 0.9427 0.987 505 £ 14 2167 + 153
OMNILEARNED-S 0.944 0.9875 565 £ 12 2637 £ 128
PET v2-m 0.9423 0.987 482 £+ 11 1861 £ 61

OMNILEARNED-M 0.944 0.9880 656 + 12 3208 & 176
OMNILEARNED-L 0.944 0.9880 688 + 9 3486 X 157 . 4



Jet Classification

3500+

OmniLearned achieves SOTA performance
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_ OmniLearned Generalizes across scientific fields

Validation loss

MAE Energy (meV/Atom)

OmniMol: Validation MAE Energy (meV/Atom) vs Number of oMol25 Examples
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Interatomic
potentials from
molecules

I. Elsharkawy, V. Mikuni, B. Nachman, W. Bhimji arXiv:2601.10791
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Pion Classification and energy regression ar Minerva

G. Krzmanc, V. Mikuni, B. Nachman, C. Wilkinson arXiv:2604.12364
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Inference of Cosmological Parameters
from galaxy halos

V. Mikuni, |. Elsharkawy, B. Nachman arXiv:2512.24422

S


https://www.google.com/url?q=https://arxiv.org/abs/2512.24422&sa=D&source=editors&ust=1789511392620467&usg=AOvVaw3WqvZQ_ovaVeobnXlJO-vZ
https://www.google.com/url?q=https://arxiv.org/abs/2601.10791&sa=D&source=editors&ust=1789511392621325&usg=AOvVaw1U-WSbjo9aaYvzD4IgD0ze
https://www.google.com/url?q=https://arxiv.org/abs/2604.12364&sa=D&source=editors&ust=1789511392743042&usg=AOvVaw0T5jtU0yDujYN4Qr83JMEP

Anomaly Detection

¢ Eff: 100.0%, 1.10 ¢ Eff: 10.0%, 3.20

1034 Eff: 30.0%, 3.20 Eff: 5.0%, 0.30 Use experimental data
Signal: top quarks,
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Anomaly Detection

¢ Eff: 100.0%, 1.10 ¢ Eff: 10.0%, 3.20 ¢ Eff: 100.0%, 1.10 ¢ Eff: 10.0%, 7.80 Use experlmental data

1034 Eff: 30.0%, 3.20 Eff: 5.0%, 0.30 1054 Eff: 30.0%, 9.50 Eff: 5.0%, 10.00
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Anomaly Detection

T § oo 8 crotome 105] ¥ e ol Use experimental data

. PET v2-m CATHODH \ OmniLearned-m CATHODE Signal: _top quarks’

£ 100] fyge \\ corresponding to 0.1% of

5 : - the data

z : /\\ e Model trained from
scratch unable to
find the anomaly

g 04 o 041

ZgO.Z e ;‘:5?02 !..!.

e 0_0~—-—-“-—«,—-—“—-..—-i—-!--g-—}—s.—-;—-.---—;—;—-o— 8 0,0---:—A—;-—C—:—J--A—c—!—v--:-—x—!—a—é;--;-

100 125 150 175 200 225 250 100 125 150 175 200 225 250
Jet Soft Drop mass [GeV] Jet Soft Drop mass [GeV]



Anomaly Detection

1.21

o
)

Events / bin
o
o

°
»

o
[N)

Data / Fit
[y

(=)

N o

x102 16.3 fb~1 (13 TeV)
= QCD B Top
[ V+Jets Bkg. unc.
[ Single Top H Data
/v
s I I T;1 <0.45, Asg
L R | .13 7 G
S LA R L B
50 100 150 200

Leading Jet Soft Drop Mass [GeV]

x 102 16.3 fb! (13 TeV)
24 3 QCD I Top
[ V+Jets Bkg. unc.
1.84 — vw -  Data
[ Single Top
1.51 T21 <0.45, Asg
=]
£12 Large
~
2
= 11
o
>
(53]

Data / Fit

(=]

T

I
llx i 1.1 I
: com 1T

3
]

I 11l
1!"‘11

50 100 150

200

Leading Jet Soft Drop Mass [GeV]

We perform a full

analysis of data events

flagged as anomalous in a

dijet system

e Dominated by top
quark pair production



Anomaly Detection
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Anomaly Detection
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Anomaly Detection

We perform a full analysis of
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Anomaly Detection

ATLAS and CMS Preliminany” 2°se

- Expected (U5imY = 0)

LHCRun 2 Expected +10 1 ' . :
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Anomaly Detection
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Anomalous Region Data Efficiency = 99.00%
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Anomaly Detection aims to find new
physics with less assumptions
Foundation Models improve
sensitivity to anomalous events
Intriguing excess observed, stay
tuned for more developments

https://arxiv.org/pdf/2603.23593
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THANKS!

Any questions?
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Combine both local and global information using local edges
and a transformer: Point-Edge Transformer

More details at: https://arxiv.orq/abs/2404.16091
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Diffusion Generative Models

Forward SDE (data — noise)
x(0) dx = f(x,t)dt + g(t)dw

| " | | SCO function o
‘(— dx = [f(x,t) — & log p:(x)| dt + g(t)dw
Reverse SDE (noise — data)

Source:
https://yang-song.net/blog/2021/score/
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Loss function

L= £class =+ Egen -+ £class smear
2 A
CE(ya ypred) =+ HV — Vpred” =+ QZCE(ya ypred)

Straightforward loss function:
Cross entropy for each class
Perturbed data prediction from the diffusion loss
Classification over perturbed inputs: data augmentation!

More details at: https://arxiv.orq/abs/2404.16091
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Anomaly Detection
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Anomaly Detection
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Dijet mass is not very
smooth either
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Additional Checks
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a0t 16.3 b1 (13 Tev) a0t 16.3 fb~! (13 Tev)
= =w s = oo =w
- B, wn. - (SRt
(=R A 7 " Bho. .
= singleTop = siogleTp D
05,3, m > o s <045, 13 m > 90 Gev
Sehm i toman| = by m 2100 GeV, Ao
is
£a
N
2
1
3

Data/Fit

Data / Fit

Events / bin

Data/ Fit

Events / bin

Data /Fit

Leading Jet 6,4 Leading Jet 855
%107 16.3 fb~! (13 TeV) x107. 16.3 fb~! (13 TeV)
T T
E=3 Single Top SingleTop o« Data
& o.
"
o
i
3
I g |m
5, P
" 1 L T
:
;
X107 16.3 fb~! (13 TeV) x10! 16.3 fb~! (13 TeV)

= oco = w
- Top By, unc.
= & b
=2 SingloTop.

;<045 ), m > 90 GeV
biag, Iy m > 150 GeV, Asx

Events / bin

aco =w
Top = s000xHEn)
Blg. unc

SingleTop W+ Data

<0451, m > 00 Gev
biag i m > 150 GeY, Aoy

16.3 fb~? (13 Tev)

Events /bin

=w
- Top 3 000uHHED)
=g Bg. une
=3 sagleTp o D
<045, 1, m > 90 eV

blag,J, m < 100 GaV, Ase

Data / Fit
Data / Fit

7 03 o4
Leading Jet 2.5

16.3 fb~* (13 TeV)

Events / bin
Events / bin

=3 oo = w
- oy 3 s000HHEn)
Bl
3 sugleTop o+ Data
<0.85,13m > 90 Gev
btag, 100 6oV <1, <150 GV, e

Data / Fit
Data / Fit

Z 03 o4
Leading Jet 2.5

16.3 fb~? (13 TeV)

Events /bin

Events / bin

= ocn = w
= Top =3 s000HHED

B une.
=3 sngleTop b Data

<045, m > 90 Gev
biag. 3150 GeY. Am

Data /Fit

Data / Fit
Data /Fit

G g
Leading Jet 6,4

0% g
Leading Jet 8.4

7 03 o4
Leading Jet 2.5

Compatibility with 2-prong
istributions for both theta and z
iStributions used to calculate the

softdrop mass




