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Foundation models in particle physics

* Foundation models - models pretrained on large amounts of data, usable for
a wide range of downstream tasks

* Existing efforts at the LHC experiments: OmniLearned [2510.24066], Masked
Particle Modeling [2401.13537]...

* The purpose of this work: Can models pre-trained on collider jets transfer
knowledge to a medium-energy fixed-target neutrino experiment?

Stanford University 2



Qutline of this talk

Foundation models in particle physics

The MINERVA experiment at Fermilab

Defining tasks and baselines on MINERVA Open Data
Applying ML models to MINERVA Open Data

NN
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The MINERVA experiment at Fermilab

(Main Injector Neutrino ExpeRiment to study v-A interactions)

o
»

Absorber + muon monitors

120 GeV protons Carbon target Focusing horns Decay pipe MINERVA
Detector
Focus T pt+y, (Forward-horn current)
produced T - p +V, (Reverse-horn current)
mesons
(r*, )
< > ——p
675 m 210 m
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MINERVA Detector

*  Precise measurements of neutrino-nucleus interactions
* Fileable liquid helium and water tanks

m Elvation View Charged current (CC) events:
] 1 H . .
e | s Muon in the final state
Side ECAL 1| e +Y—) -+ X
s| é,... v-Beam — o/ § < v].l 28
5[5 = 23 il 55
% g 50 ctive Tracker P §h‘> %3 EE = 5 . .
25| l.' g  Radiag] HE AR Y = neutron (for quasi-elastic), nucleus...
o |2\ Tqua | 8o 8.3 ons toa 85| =& 2 X = hadronic system, proton (for quasi-elastic)
@|  Helium z 15tons | 30tons g §
Side ECAL 0.6 tons v =
Side HCAL 1161ons Neutral current (NC) events:
- . - % 5 v,*tY->v, +X

Picture credit: Fermilab, https://minerva.fnal.gov/how-it-works/
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M I N E RVA O pe n Data [https://www.osti.gov/biblio/3022562]

Contains both MC and real data

FHC (forward horn current); RHC
(reverse horn current)

Medium-energy beam (avg. neutrino
energy ~ 6 GeV); lower energies will be
provided soon too

Contains both real data and simulation

FHC MC: ~11 TB of MC data, ~4000
columns containing info about final-
state particles, various truth-level links,
reconstructed objects, and analysis
variables
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Playlist
Name

minervame 14
minervame 1B
minervame1C
minervame 1D
minervame1E
minervame1F
minervame1G
minervame1L
minervame 1M
minervame 1N
minervame10

minervame 1P

Water Target Helium Target Data

status

Empty
Empty
Empty
Empty
Empty
Empty

Empty
Full

Full
Full
Full
Full

Medium Energy Neutrino (FHC) Playlists

status
Empty
Full*
Full
Full
Full
Full
Empty
Empty
Empty
Empty
Empty*
Full

file list

Data
Data
Data
Data
Data
Data
Data
Data

1A

1B

1C

Data 1M

Data

Data 1C

Data

Monte Carlo Data POT

file list
MC 1A
MC 1B
MC 1C
MC 1D
MC 1E
MC 1F
MC 1G
MC 1L
MC 1M
MC 1N
MC 10
MC 1P

(x10 2%)
0.90
0.19
0.43
14
10
17
14
0.13
2.1
1.1
0.30
0.47



MINERVA Open Data

We represent events as a set of reconstructed

objects:

Scintillator Strip Number

ol | vBeam
100

Isolated Cluste

|
|
|
|
|
;
I
|
|
|
|
|

Proton track

Non-Vertex Recoil Energy

* Prongs: “tracks” with position and momentum +

basic PID (proton/pion/muon/unknown)

* Blobs: energy deposits without directionality and

no PID hypothesis
* Photons: up to two reconstructed photons
®* Muons: O or 1reconstructed muon

+ global event-level features
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Collider jets vs. neutrino events

10 = MINERVA: Neutrino energy
JetClass2: Jet energy
* OmniLearned: pretrained Ol
on 1B jets §"
& 10
* Mismatch in energy scale 5.
and event multiplicity
100 10' 102 103 104
Energy [GeV]
[— MINERVA |
10 —— JetClass2

Events (arb. scale)
o

o 20 40 60 80 100 120 140
Tokens per event / jet
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Tasks on MINERVA events

Classification
* Using 3 separate signal definitions:

* Backgrounds:

NC (no muon in final state)

C(C (allclasses except signal class)

* Report scores in bins of true W

(invariant mass of the hadronic system) and

energy of the charged pion

W DIS [ Other|
[ RES

CC1m*: signal composition
31415

40000 A 39542

30000 1

20000 1

10000

CCln* signal events

00 05 10 15 20 25 3.0 35 40
True hadronic W [GeV]

CCln*: background composition
61415

ound events

0.0 05 10 15 20 25 3.0 35 4.0
True hadronic W [GeV]
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Tasks on MINERVA events

Classification
* Comparing different nuclear interaction models [Phys. Rev. Lett. 131, 051807,
o Fo | °

4

2)

10

do/dE, (10°° cm?/ GeV / nucleus)
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= CEavailable
= ECavailable + Ey
107"
Tasks on MINERVA events
g
310‘2-
Regression ‘]
* Regress available energy E_, i\, - SUM Of
energies of protons, pions, electrons, ; : - - - e o)
photons, charged kaons — excludes Eavailable [GeV]
poorly modeled neutrons, strange o —5
baryons etc. — comn o
e CC other
* Such definition is less model-dependent s ©™ e
than E @
::;10_2,
. 1073
AL T
0 5 10 15 20 25 30

Energy [GeV]
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Tasks on MINERVA events

Regression
d2c

Eavailabledch

momentum transfer) at low gz (< 1.2 GeV) [ascensio et al,, 2022,
https://inspirehep.net/literature/1952230]

* Charged current cross-section measurements: 3

(as: three-

* Atlow gz, nuclear effects dominate — precise cross-section measurements help

constrain nuclear models

2]
o

0.00 < q'afGeV <0.20
10.61x 10°° POT ME Neutrino 2

¢ Data
MC:
----- MnvTune-v3
—— MnvTune-v1.2
— — [_] GENIE 3 (G1810a_02)

gt oo NUWTO LFG
20p-4
—— = NuWro SF

d’o/dE,,,,dq (10 cm?/GeV?)
B
o

......

0.20 < qSIGeV <0.30

B

('.P.OO 0.05 0.10 0.15 0.20 0.00 0.05 0.10 0.15 0.20

Available Energy (GeV)
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Baselines

* Available energy regression: sum of energies from EM components of
the detector * correction factor (=1.17) - from MINERVA code

* (Classification — cut-based baseline

eoi¥al 1 charged prong, 1 muon, 1+ Michel tag

/&Pl 1 muon, 2 photons with m,, < 2m_,

o(O\Fadl 1charged prong, 1muon, 1+ Michel tag
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ML models

* Models using event-level + particle-level features:

« OmnilLearned: Point Edge Transformer trained on ~1B jets
using classification and generation tasks [2510.24066]

« HyperScale: ViT-like transformer trained on ~1B jets using
classification. Using positional encodings with 1, ¢
coordinates [2606.19781]

- Input = Particle tokens + “Event” Token (global features)
« Read out the event-level labels from a CLS token

* MLP: operating only on event-level features

Stanford University
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Model inputs

* During pre-training (done by the authors of OmniLearned and
HyperScale):

Kinematic features PID Additional features
log 10700 log L, An, Agb (learned lookup table) (track/vertex information...)
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Pre-training tasks

OmnilLearned

* Classification (jet tagging)
* Jet generation

HyperScale

Classification (jet tagging)

Stanford University
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Model inputs

* During pre-training (done by the authors of the models OmniLearned
and HyperScale):

Kinematic features PID Additional features
log pr, log I, An, Agb Learned lookup table (track/vertex information...)

* Fine-tuning on MINERVA events:

Kinematic features PID Additional features

log pr,log E, An, A¢ (prong/blob/y/y)

Learned lookup table

(dE/dz), x,y, 2,1
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Training dynamics

* Pre-trained models (OmniLearned / HyperScale) learn with less steps

than scratch-trained models with the same architecture (-rw)
* “Small” scale (~3M parameters for each model)

Classification Regression
0.060

1.24 1

1.22 0.055

1.204
u 0.050
L21.18
c
2116 0.045 -
(0]
)
m 1.14
3 0.040 -

1.12 B

1.10 A 0.035 1

1.08 L T T T T T T T 0.030 T T T T T T T

3.0 3.5 4.0 4.5 5.0 5.5 6.0 3.0 3.5 4.0 4.5 5.0 5.5 6.0
log1p(Training steps) log1o(Training steps)
—— OmnilLearned-small —— HyperScale-small —— MLP-rw
——— OmnilLearned-small-rw —— HyperScale-small-rw
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More interesting: Compute vs. performance

* Same amount of compute leads to better performance using a
pre-trained model compared to a scratch-trained model with the
same architecture (rw = random weights)

Classification Regression
0.060

1.24 1

1.22 1 0.055 A

1.20 1
@ 0.050 -
L2 1.18
&
= | .045 4
S 116 0.045
i
w© 1.144
> ,f 0.040 -

1.12

1104 0.035 /

1.081 . ] i . . —! 0.030 | . | | | |

14.5 15.0 15.5 16.0 16.5 17.0 17.5 14.5 15.0 15.5 16.0 16.5 17.0 17.5
log10(Training FLOPs) log1o(Training FLOPS)
—— OmniLearned-small —— HyperScale-small —— MLP-rw
OmniLearned-small-rw —— HyperScale-small-rw
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Scaling

®* Larger model can lead to better performance (HyperScale-medium (15M) vs.
HyperScale-small (3M) )

®  OmniLearned-medium-frozen: frozen backbone, fine-tune only the heads

Classification Regression
0.060

1.24 A

1.22 A 0.055 A

1.20 1
9 0.050 A
£ 1.18 -
c
2 1.161 0.045 1
©
o
© 1.14 A
p 0.040

1.12

1.10 1 0.035 1

108 i T T T T T T 0.030 T T T T T T T

14.5 15.0 15.5 16.0 16.5 17.0 17.5 14.5 15.0 15.5 16.0 16.5 17.0 17.5 18.0
log1o(Training FLOPS) log1p(Training FLOPS)
~—— OmnilLearned-small —— OmniLearned-medium-frozen —— HyperScale-small-rw —— HyperScale-medium
—— OmniLearned-small-rw —— HyperScale-small
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Results - Regression

* Report IQR of the predicted E / true E distribution in bins of three-

momentum transfer g

* Event selection similar to MINERvA's CC-inclusive analysis (clean

muon + some additional criteria)

gs €10, 1) GeV g3 €11,2) GeV

00 05 10 15 20 00 05 10 15 20
E.;s%ﬂablelEg%?lable

[ OmniLearned-small [ HyperScale-small 1 MLP-rw
[ OmniLearned-small-rw [ HyperScale-small-rw [ Baseline

reco true
Eavailable/Eavai\ahle

o
o

IQR / MPV
o
u

== OmniLearned-small
N )
\\ —o=  OmniLearned-small-rw
LN —e— HyperScale-small

LY \\ —o~ HyperScale-small-rw

% N —e— MLP-rw

5 o —e— Baseline

N

'&\\\\

‘
0.\
=
=
-..‘_\\ "-q._.\
=
S¥ER

0.5 1.0 1.5 2.0 2.5
True gs [GeV]
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Results - Classification

®* Report TPR at the class threshold giving the FPR of the baseline
®* Event-level features include everything used by the cut-based baseline - the
performance of the models
* We do “global” loss weighting, might be better to dOJ_Jer-bin weighing or so —in
some bins for the N pion case, the model always predicts background and no
signal
CCln* cC1in® CCNnm* (N=1)
0.35 [-m- Baseline (FPR 2.8%) 0.204 | -m- Baseline (FPR 1.7%)
0.30- 0-25 |
g 0.25 g 0.20 E 0.151
3 0.20 o [-m- Baseline (FPR 2.9%)|| &
5] g 0157 § 0.10
S 0.15 © =
5 510 5 0.10- & 0.05 1
o :
0.05 005( _-wT T ]
10° 10! 15 20 25 3.0

True E; [GeV]

True E; [GeV]

—&— OmniLearned-small

—&— HyperScale-small

—®— OmnilLearned-small-rw —®— HyperScale-small-rw

—8— MLP-rw

35
True hadronic W [GeV]

Stanford University

22




Results - Classification

* Interms of pion angle and energy

0.40 1 0.35 4 =i - Baseline (FPR 2.8%)
+ 0.74 4
CClm g 0301
0.30 0721 =
. E 0.25
8} o} i Lt
£ 0.25 1 Q070 % 0.201
o > c
< 0.20 - < 0.68 3
. X & 0.151
w
0.154 0.66 - 0.10 1
0.10 - 0.05 -
L e e e - 0.64
100 10! 100 10!
True E, [GeV] True E, [GeV] True E; [GeV]
=ik - Baseline (FPR 2.8%)
0.30 4 0.74 0.25 4
0.72 1
0.251 E 0.201
o o 0.704 E
£ 2 >
% 0.20 S 0.68 2 0.154
E = g2
o
| =
0.151 0.66 Y010+
0.64
0.10 A 0.05 -
*-0---@-——--- B e e P e * 0.62 A
08 10 12 14 16 18 08 10 12 14 16 18 08 10 12 14 16 18
True 6, [rad] True 8, [rad] True 8, [rad]

—~®- Random baseline —#— HyperScale-small-rw —®— OmniLearned-small
—8— HyperScale-small —@— MLP —&— OmniLearned-small-rw
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What if we use a pretrained language model?

random random random
* Large Language Models — the P Lok s Loz o s bckbon
FUtU re Of Funda mental —_— p;tég;;ned ____ reference ~ reference __ reference
) [360M] [5.5M] [2.2M] [1.0M]
Physics? [2506.14757] e et e
* Using SKA data (3D grid) to predict [5.5M] [2:2M] [1.0M]
cosmological parameters 02T :
* Using Qwen2.5-0.5B weights leadsto 02; :’
faster training of the models = o0 -
* Maybe our random initialization ="’ i B
Is bad and pre-trainingon any ..
data IS gOOd? 019 0 20600 406000 20600 406000 20('300 406000 20600 40600
batches batches batches batches

Figure 8: Mean validation loss with a 1o-band determined from 5 runs.
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Results using BERT

® Using small BERT with 3M parameters (prajjwall/bert-tiny)

® No tokenization - project feature vectors with a learnable linear projection in the transformer embedding
space

® Gap pretrained vs. random init. (rw) much smaller compared to OmniLearned and HyperScale

®  OQurresults are with a much smaller model then the SKA paper (3M vs 500M parameters)

Classification Regression
0.060
1.24
1.22 0.055 A
1.20 A
0.050 -1

Validation loss
=
=
(=)}

0.045 -
1147 0.040
1.12 L /
1.10 0.035 A1 — /
1.081 ; : ‘ : : — 0.030 : : . ; . .
14.5 15.0 15.5 16.0 16.5 17.0 17.5 14.5 15.0 15.5 16.0 16.5 17.0 17.5
log1o(Training FLOPs) log10(Training FLOPs)
——— OmniLearned-small —— BERT-small —— HyperScale-small = MLP-rw
OmniLearned-small-rw BERT-small-rw —— HyperScale-small-rw
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Conclusions

* MINERvVA-specific: Using a reconstructed object-level picture of
events seems to help with regression and classification tasks (MLP
using only event-level features vs. any transformer model using
event-level + particle-level features)

* More general: Models pre-trained on jets can acquire inductive
biases that generalize across detectors and energy regimes

Stanford University
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Detalls about the dataset

* Playlist 1B (He target full): 2M test, Playlist 1A (both He and H,O targets
empty): 6M training events, 700k validation, 700k events

* Event-level features: muon fuzz energy, muon isolated blobs energy,
Minerva’s estimator of energy transferred to the hadronic system
(E_recoil), number of tagged Michel electrons, log of summed energies

for each node type (prongs, blobs...)
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Results - Classification

* |nterms of pion angle and energy

0 0.82 — "
CClm" s — ?
0.80 | 0.25
0.12 0.78 =
a 0.20
w 9107 U 0.76 =
-4 o >
o o )
2 0.081 2 0.74 4 § 015
o
0.06 0.72 1 E
0.70 1 0-107
0.04 4 068 "—‘. ___________
0.02{ - mmmmmnnomnnoooonooe <] s 00w
100 101 ' 100 101 100 10
True E, [GeV] True E, [GeV] True E, [GeV]
016 0.82 0.30]
0.141 0.80 0.25 1
0121 0.78 z
£ 0.201
Q 0.10 8 0.76 1 ES
2 < g
< 0.084 << .74 43 0.15 1
0.06 - 0.721 E /_-/\'\.
N 0.10 1
0.04 1
0.70 A .-....______._-
1 0.05 1 Rt
e X3 3 — B N W e s
0.8 1.0 1.2 1.4 1.6 1.8 0.8 1.0 1.2 1.4 1.6 1.8 0.8 1.0 1.2 1.4 1.6 1.8
True 8, [rad] True 8, [rad] True 6, [rad]
—~®- Random baseline —®— HyperScale-small-rw —®— OmniLearned-small
—8— HyperScale-small —#— MLP ~®— OmniLearned-small-rw
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Available Energy Regression

« 1B and 1A playlists —very similar performance

161 % MINERvA Open Data Playlists 1A, 1B
Ve Event Selection as in E_recoil_CCinc
3.0 \"._ = =« OmniLearned-medium (1A)
’ 1.4 4 i —— OmniLearned-medium (18)
= =< OmniLearned-small {1A)
‘\ -‘.‘ —— OmniLearned-small (1B)
. 194 \\ '*,. === Transformer (1A}
2 2.5 g W —— Transformer {1B})
W uy A —=- MLP(1A)
g e —— MLP(18)
W w 1.07 N - baseline (1A)
® 20 ° ——- baseline (1B)
= <}
0.8 1
1.5 4
0.6 A
! . ! ! ! ! ! ! 0.4 A : : : s : s ! :
0.25 050 075 100 125 1560 175 2.00 025 050 075 1.00 125 150 1.75 200
MG truth g5 [GeV] MC truth g3 [GeV]
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CCPIO tagging baseline

Invariant mass of two reconstructed photons

Linear scale

Log scale

700 A

600

[STE

300

200

100

O Al (g + 2y) N=20,801
+non® prong N=9,191
mg = 135.0 MeV

Events

102 1

10! 1

[ All{p + 2y) N=20,891
+non® prong N=9,191
-—-- mp =135.0 MeV

0 100
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400 500
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CCNm* (N = 1) signal events

CC1ln=* signal events

CC1n® signal events

CC1n*: signal composition

Event composition vs. true W - MINERvA Open Data Playlist 1A
CC1m*: background composition
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