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What are Foundation Models? Pre-training?
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What are Foundation Models? Pre-training?

Stage I: General Pretraining
DATA ‘/—\&\ TASKS
—
=L [</>| — » Content summarization
= P 4 —> » Content generation

» Code generation
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Stage II: Task Fine-tuning Pretrained Model
elghtineuts — SpECIFIC TASKS

SPECIFIC DATASET
= » Legal Case
.‘\I E — —>»  Summarization
» Reading medical

Fewer specific examples
(e.g., legal and medical data) FINE-TUNED MODEL Seaia
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Jet Foundation Model: Omnidet-a

OmniJet-a [1] uses next token prediction as a pre-training task for a jet tagger

Jet = {ﬁhﬁ?v oo 7ﬁn}
pi = (pt, An, Ag) \ Constituents are tokenized with a VQ-VAE [2-4]
2 Jet = {start-token, token,...,token,, end-token}
“” /
Self-supervised pre-training of transformer . . o
backbone on generative task (next token prediction) Fine-tuning to classification task:
\ Swap model head and use pre-trained backbone

token; = integer value € [1,...,8192]

Autoregressive next-token generation
utoregressive next-token generatiol start-token

start-token token;

Transf Next-toke oo Yoken; Transformer || Classification Jet type

ransformer lext-token token; > _» oty

start-token —p backbone prediction head —> 2 cee backbone head prediction
A token,,

token
" end-token
end-token

[1] Birk et al. (2024). arXiv:2403.05618 [3] Huh et al. (2023). arXiv:2305.08842
[2] Oord et al. (2018). arXiv:1711.00937 [4] Golling et al. (2024). arXiv:2401.13537
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Three stages

1 Tokenize
constituents — discrete tokens

with a VQ-VAE

2 Pre-train
transformer backbone,

next-token prediction(NTP/Gen)

3 Fine-tune
swap the head,
keep the backbone

— Slide by Joschka Birk
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OmniJet-a: Developments

2024

/ Omni)et-a transfer learning \

OmniJet-a[1]
e Tokenized input
§ p,sorted
5 £ constituents
g %] //_/ ° Kinematics only
i —e— Fine-tuning
Fine-tuning
0.7 1 %7 (backbone fixed)
i —e— From scratch

102 103 104 10° 106
\ Number of training jets /

[1] Birk et al. (2024). arXiv:2403.05618
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OmniJet-a: Developments

2024

-

0.9 A

0.8 A1

Accuracy

Omni)et-a transfer learning

—e— Fine-tuning

Fine-tuning
"~ (backbone fixed)

—e— From scratch

103 104 10° 106
Number of training jets

\

OmniJet-a[1]

Tokenized input
p,sorted
constituents
Kinematics only

/

[1] Birk et al. (2024). arXiv:2403.05618
[2] Birk et al. (2025). arXiv:2512.04149
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2025

= Fine-tuning NTP (continuous kin-only)

1.0 { ==+ From scratch (continuous kin-only)
==== Fine-tuning NTP (continuous all features)
= From scratch (continuous all features)
0.8 ==t m e e e e i i
> e n Tl
(0] T N
I e
=] P P S o s
< 0l =
S 06 1 S
< f A7
Z7”
|
0.4 4 /
%
0.2 T T T T
103 104 10° 106

Number of training jets

OmniJet-a v2[2]
° Shuffled
sequences

° Continuous input,
token targets +
particle-1D,
displacement

° Hybrid pre-training
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What has changed since: Continuous extended features

(Switching to a hybrid setup: continuous input, token target

backbone prediction head

: [ ; Transformer Next-token
continuous start token

VQ-VAE

decoder

— Allows for full-resolution continuous input in classification

\—

pT,l’ Anl, A¢1, oo
P12, Ang, Ada, . ..

pT,n, Ann, A¢n, o

~
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What has changed since: Continuous extended features

(Switching to a hybrid setup: continuous input, token target )
pT,l, Anl, A¢1, oo
Transf Next-tok VO-VAE P12, Ana, Ado, . ..
i ransformer ext-token g
continuous start token famin o o . .
pT,n, Ann, A¢n, aiiei

— Allows for full-resolution continuous input in classification

\— _J

Extending the feature set: \ (Further changes compared to OmniJet-a: \
Adding particle-ID and trajectory displacement * Usingshuffled particle:sequences
Old New

¢ Kinematic features
e Particle-ID (new)
* Trajectory displacement (new)

Pr [ l l
Index in sequence Index in sequence

* Transformer-based model heads
J \° Condition on particle number J
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What has changed since: Hybrid pre-training objectives

Generation (next particle/token prediction)
"Given this sequence of previous particles, what would you add next to make it a reasonable jet?"

Anuranjan Sarkar | ML4Jets 2026


https://arxiv.org/abs/2401.13537
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What has changed since: Hybrid pre-training objectives

Generation (next particle/token prediction)
"Given this sequence of previous particles, what would you add next to make it a reasonable jet?"

Masked particle prediction* [1-2] (MPM)
"Given this set of particles, what would you fill in at these positions to make it a reasonable jet?"

Remove masked particles
Input
Target

»
>

[1] Golling et al. (2024). arXiv:2401.13537
[2] Leigh et al. (2025). arXiv:2409.12589
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What has changed since: Hybrid pre-training objectives

Generation (next particle/token prediction)
"Given this sequence of previous particles, what would you add next to make it a reasonable jet?"

Masked particle prediction* [1-2] (MPM)
"Given this set of particles, what would you fill in at these positions to make it a reasonable jet?"

Remove masked particles
Input
Target

[1] Golling et al. (2024). arXiv:2401.13537
[2] Leigh et al. (2025). arXiv:2409.12589
[3] Birk et al. (2025). arXiv:2512.04149
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0.93 1

0.940

0.935 44— —/

10° 108

Pre-trained on JetClass, fine-tuned on top tagging

0.94 1
0.92 1.
MPM
0.89 1 —— NTP+MPM
—e— MPM-Causal
0.88 1+ ' ——-NTP
—e— From scratch
0.87 + T T T
103 104 10° 10°

Number of training jets
Hybrid pre-training Gen/NTP+MPM
performs better than NTP

MPM performs best as the pretraining
objective to finetune for Top Tagging

(3]
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What has changed since: Hybrid pre-training objectives

Generation (next particle/token prediction)

"Given this sequence of previous particles, what would you add next to make it a reasonable jet?" 0.940

0.935 44— —/

10°

108

Pre-trained on JetClass, fine-tuned on top tagging

0.94
0.93
0.92 4
Masked particle prediction* [1-2] (MPM) g 0.01,
"Given this set of particles, what would you fill in at these positions to make it a reasonable jet?" g .
< MPM
0.89 - —e— NTP+MPM
—e— MPM-Causal
Remove masked particles 0.88 1 ' = NP
Input —e— From scratch
> 0.87 + r . :
Target 103 104 105 106
Number of training jets
° Hybrid pre-training Gen/NTP+MPM
. . . ige . performs better than NTP
[1] Golling et al. (2024). arXiv:2401.13537 Q. Since Top tagging is a classification task,
[2] Leigh et al. (2025). arXiv:2409.12589 does a pretrained class head along with a e  MPM performs best as the pretraining

[3] Birk et al. (2025). arXiv:2512.04149
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pretrained backbone help us transfer better? objective to finetune for Top Tagging

(3]
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Question: Does class head transfer better with finer
supervised pretraining(198 labels)?

OmniJet-a uses Masking (MPM) and Next-token prediction(NTP/Gen) which are both self-supervised

Prior work Pre-training What is missing

Sophon[1] 188-class supervised, JetClass-II No self-supervised pretraining
OmnilLearned[2] 1B Jets including JetClass-I+I jointly Always uses Class+Gen pretraining
OmniLearned Pre-training study[3] Similar combinations of pre-training study JetClass-I (only 10 labels)

Anuranjan Sarkar | ML4Jets 2026
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Question: Does class head transfer better with finer
supervised pretraining(198 labels)?

OmniJet-a uses Masking (MPM) and Next-token prediction(NTP/Gen) which are both self-supervised

Prior work Pre-training What is missing
Sophon[1] 188-class supervised, JetClass-I| No self-supervised pretraining
OmnilLearned[2] 1B Jets including JetClass-I+I jointly Always uses Class+Gen pretraining
OmniLearned Pre-training study[3] Similar combinations of pre-training study JetClass-I (only 10 labels)

This work

Incorporating classification pretraining along with the self-supervised pretrainings in OmniJet-a.

Improving our framework to use multiple datasets with different feature inputs for pretraining and finetuning.
Pre-trained on JetClass-I(10 labels) and JetClass-11(188 labels), whose 198 labels are far finer-grained.

How does pretraining on fine-grained labels for classification transfer to Top tagging and Flavor tagging?

- J

14
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Improvements to OmniJet-a: One backbone, All Datasets

-

Constituents kinematic input

log(p,), n, ¢

~

o

Transformer
backbone

8 heads, 8 layers,
128 embed dim

1.6M parameters

\

Classification head

MPM head

J

e Backbone input is only the 3 kinematic features every dataset has.

Anuranjan Sarkar | ML4Jets 2026

Generation head
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Improvements to OmniJet-a: One backbone, All Datasets

4 N\

/ Transformer \ Classification head
J
. . .. backbone p g

Constituents kinematic input
log(p,), n, 8 heads, 8 layers, MPM head
T 128 embed dim . /
( )
\"‘ 1.6M parameters / Generation head

|\ J

4 features

PID / mass / charge Tracking information
7 features

1 new: additive, bias-free, per-jet dropout

e Backbone input is only the 3 kinematic features every dataset has.
e  Optional groups enter through bias-free projections that are added, an absent group contributes exactly zero

e Trained with dropout on those branches, so the backbone is robust to datasets lacking in the PID/track information.

Anuranjan Sarkar | ML4Jets 2026
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Improvements to OmniJet-a: One backbone, All Datasets

4 )

/ Transformer \ Classification head
J
. . .. backbone p g

Constituents kinematic input
log(p,), n, 8 heads, 8 layers, MPM head
T 128 embed dim . /
4 )
\"‘ 1.6M parameters / Generation head

|\ J

From any dataset

7 features 4 features

Any optional features
[ PID / mass / charge ] [ Tracking information ]

1 new: additive, bias-free, per-jet dropout

e Backbone input is only the 3 kinematic features every dataset has.
e  Optional groups enter through bias-free projections that are added, an absent group contributes exactly zero
e Trained with dropout on those branches, so the backbone is robust to datasets lacking in the PID/track information.

One pre-trained model, any dataset with kinematic features, no shape change and no zero-padding

Anuranjan Sarkar | ML4Jets 2026



Pre-training setup

234M 10+188=198 65,536 ~2.0M

jets pre-trained on joint classes VQ-VAE tokenizer codes total parameters

Two pre-training datasets

JetClass-I 100M jets - 10 classes JetClass-lI 134M jets - 188 classes
5M jets - Validation 33.5M jets - Validation
20M jets - Test 33.5M jets - Test

4 Pre-training arms: Class, Class+MPM, Class+MPM+Gen, Class+Gen
Extended features reach the backbone through the optional branches, never through the tokenizer.

All arms compared at 5 passes of the 234M dataset.

Anuranjan Sarkar | ML4Jets 2026

Classification head gets raw continuous inputs instead of tokenized inputs to prevent loss of information.
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Downstream tasks

Task Jets Constituents
Top tagging (Landscape) 1.21M Kinematics only
ATLAS open flavour tagging 5.6M Charged tracks only

Anuranjan Sarkar | ML4Jets 2026

Classes

2 (Top/QCD)

4 (light/c/bit)

Feature availability

Kin
JetClass-I .
JetClass-ll .
Top tagging .
ATLAS FTAG .

Filled = present. The optional
branches are what let one
backbone absorb the gaps.

PID

LLLS
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Downstream tasks

Task
Top tagging (Landscape)

ATLAS open flavour tagging

Jets Constituents
1.21M Kinematics only
5.6M Charged tracks only

Classes
2 (Top/QCD)

4 (light/c/bit)

Both downstream tasks differ from pre-training in other ways

° Detector:

o JetClass and JetClass-Il use CMS simulation; R=0.8 for both
o Landscape(R=0.8) and ATLAS flavour tagging(R=0.4) use ATLAS simulation

° Cone size: R = 0.8 in pre-training against R = 0.4 downstream(ATLAS FTag)

10-14

Fraction of entries per bin

1072 4 "y

—— JetClass-|
—JetClass-Il

— ATLAS flavour taggin

|t

N
N

Top tagging (Landscape)

(F
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10?2 103
Jet pr [GeV]

Fraction of entries per bin

Feature availability

Kin PID LS
JetClass-I . . .
JetClass-Il . . .
Top tagging o
ATLAS FTAG . .

Filled = present. The optional
branches are what let one
backbone absorb the gaps.

0.07 A

© o © o o o

o o o o o o

= TR v A T -
| | | | | )

0.00 1

= JetClass:|
—— JetClass:I|

Top tagding (Landscape)
= ATLAS flavour tadging

-1.00 -0.75 -0.50 -0.25 0.00 0.25 0.50 0.75 1.00

Particle An (constituent — jet axis)
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Top tagging: Does the pretrained Class head transfer better?

Preliminary plot: Rejection of
QCD background at top
signal efficiency of 30%

Pre-trained on JetClass-I + JetClass-Il, fine-tuned on top tagging

i
1500 -~
i
2 -
& 1000 -~
500 1 - '
0 :
5
10 10 10 10
Number of training jets
—@— class —@— class+Gen - class (fresh head) -@ - class+Gen (fresh head) —®— from scratch

@
—@— class+MPM —@— class+tMPM+Gen - @ - classtMPM (fresh head) -@ - classtMPM+Gen (fresh head)
Anuranjan Sarkar | ML4Jets 2026
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Top tagging: Does the pretrained Class head transfer better?

Preliminary plot: Rejection of
QCD background at top
signal efficiency of 30%

Pre-trained on JetClass-I + JetClass-Il, fine-tuned on top tagging

1500 -
& 1000 -
500 - i
0 : i
10 10" 10° 10
Number of training jets
zoom: 1,000 training jets
7 ° Generally, Fresh heads performs better
o] than reused heads for 1000 jets.
Eg:
E ° However, Class+MPM reused head
%] outperforms all other arms.
* 1,0‘00
—@— class —@— class+Gen -@ - class (fresh head) -@ - class+Gen (fresh head) —®— from scratch

—@— class+MPM —@— class+tMPM+Gen -®- class+tMPM (fresh head) -@ - classtMPM+Gen (fresh head)
Anuranjan Sarkar | ML4Jets 2026
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Top tagging: Does the pretrained Class head transfer better?

1900

Preliminary plot: Rejection of oo
QCD background at top b
signal efficiency of 30% 1400 ;

1300

Pre-trained on JetClass-I + JetClass-Il, fine-tuned on top tagging

zoom: 1,210,999 training jets

Reused heads outperform their fresh
heads counterparts at 1.2M jets.

° Class+MPM reused head outperforms

T
1,210,999

all other arms at 1.2M jets also.

1500
&‘% 1000 1

500 -

zoom: 1,000 training jets

T
1,000

—8— class+Gen -
—@— class+tMPM+Gen @

—@— class
—8— class+MPM
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class (fresh head)

class+MPM (fresh head)

Number of training jets

@
@

- class+Gen (fresh head)
- classtMPM+Gen (fresh head)

Generally, Fresh heads performs better
than reused heads for 1000 jets.

However, Class+MPM reused head
outperforms all other arms.

—@— from scratch
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ATLAS flavour tagging: Pretrained class head transfers?

Preliminary plot: Light jet
rejection at b-tagging
efficiency of 70%

Pre-trained on JetClass-| + JetClass-Il, fine-tuned on ATLAS flavour tagging
T

70%

1/€light at €

10° 10 10°
Number of training jets

—@— class —@— class+Gen -

class (fresh head) =
—@&— class+tMPM —@— classtMPM+Gen X

class+Gen (fresh head)
class+MPM (fresh head) &

class+tMPM+Gen (fresh head)

—@— from scratch
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ATLAS flavour tagging: Pretrained class head transfers?

Preliminary plot: Light jet
rejection at b-tagging
efficiency of 70%

Pre-trained on JetClass-| + JetClass-Il, fine-tuned on ATLAS flavour tagging

1/€jignt at €p = 70%

Number of training jets
zoom: 3,990 training jets

° Here, reused heads performs better
than fresh heads for 4000 jets.

° However, Class+MPM+Gen fresh head
outperforms all other arms at 4000 jets.

T
3,990
—@— class —@— class+Gen -

class (fresh head) -@ - class+Gen (fresh head)
—@— class+MPM —@— class+tMPM+Gen X

—®— from scratch
class+MPM (fresh head) -® - classtMPM+Gen (fresh head)

Anuranjan Sarkar | ML4Jets 2026

25



ATLAS flavour tagging: Pretrained class head transfers?

zoom: 3,986,576 training jets

120 /o
. . . 1080 + o .
Preliminary plot: Light jet }828:,,,::.t.:-z-;::‘:j',,?,::::::::::::: e Reused heads outperform their fresh heads
rejection at b-tagging 060 /. ””””””” counterparts at 4M jets.
iciency of 709 ] ‘
efficiency of 70% 3 ° Class+MPM reused head outperforms all
3,986,576 other arms at 4M jets also.
Pre-trained on JetClass- + JetClass-ll, fine-tuned on ATLAS flavour tagging ° Achieved a ||ght Jet rejeCtiOﬂ Of 1110 Wlth 4M
o 10 jets compared to ATLAS GN2 light jet
S rejection 1097 trained on 168M jets.
1]
é 10 1

10° 10 10°
Number of training jets
zoom: 3,990 training jets

° Here, reused heads performs better
than fresh heads for 4000 jets.

° However, Class+MPM+Gen fresh head
outperforms all other arms at 4000 jets.

T
3,990

—@— class —@— class+Gen <@ - class (fresh head) -@ - class+Gen (fresh head) —®— from scratch
—@— class+MPM —@— class+tMPM+Gen @ - class+MPM (fresh head) -® - classtMPM+Gen (fresh head)
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Summary

Improvements to OmniJet-a: Optional feature branches makes one backbone dataset-agnostic

Kinematic features trunk plus additive bias-free optional feature branches

Study of supervised classification with self-supervised objectives on fresh and reused classification heads
Class+MPM pretraining with reused class head perform better than other arms for Top tagging and Flavor tagging(comparable to GN2)

Pre-trained on JetClass-I + JetClass-ll, fine-tuned on top tagging

Pre-trained on JetClass-| + JetClass-Il, fine-tuned on ATLAS flavour tagging

1500
2 1000 -
4

500 -

1/€jignt at €p = 70%

4 5 6
Number of training jets 10 - L 10
Number of training jets

Outlook:

° Scaling the model up from 2M parameters
° One model across detectors and datasets by training on more exhaustive large datasets

27
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Backup: JetClass-I+ll labels

JetClass Labels

JetClass-Il Labels

ol H—bb i H—cc ot H— gg ! H—4q ol H— lvqq'
b2 & w = &
&
5 oo 300 &0 200 P
s p s P i i
- - ad " 5
T W W e TR R T R R T n @ W T C R R 1)
o o [ 4 K
| t — bgq’ |t — blv 1 W = qq ' Z —qq 1 q/g
o 0 o o o
: O
3 oo 3 o0 2 oo 3 oo 3 oo
2 ™ o2 2 o2
o - ” 0 ”
v R TR U YT R v R R v R T T Y TR R
o w o o o

Major types

Index range Label names

Resonant jets: 0-14 bb, cc, ss, qq, be, cs, bq, cq, 5q, g9, ee, fit, ThTe, ThTu, ThTh

X — 2 prong

Resonant jets: 15-160 bbbb, bbce, bbss, bbqq, bbgg, bbee, bbup, bbry,Te, bbT,T), bbT, Ty, bbb, bbe, bbs, bbq, bbg, bbe, bbu, cccc,

X — 3 or 4 prong cess, ceqq, cegyg, ccee, CepifL, CCThTe, CCThTu, CCThTh, ccb, cce, ces, ceq, ceg, cce, cep, $sSs, $qq, $Sgg,
ssee, SSfUL, SSThTe, SSThTu, SSTLTh, Ssb, ssc, sss, ssq, $sg, sse, SSi, qqqq, 4999, qqee, qqjuL, qqThTe,
99ThTu, 99ThTh, 99b, qqc, qqs, 9qq. 999, qqe, qqp, 9999, ggee, ggp, 99ThTe, 99ThTu, 99ThTh, 99b,
g9¢, 99s, 994, 999, 99, ggu. bee, cee, see, qee, gee, bupi, cpyt, sppn, qupL, g, bThTe, CThTe, SThTe,
qThTe; 9ThTe; bTth-tv CThTus SThTpy qThTp, 9ThTu, bThThv CThThs SThThs 4ThThs YThTh, qqu: qq49c¢, q9q99s,
bbeg, ccbs, ccbq, cesq, sscq, qqbe, qqbs, qqes, besq, bes, beq, bsq, ¢sq, beev, csev, bgev, cqev, sqev,
qqev, bepv, cspv, bquv, cquy, squv, qquu, betev, cstev, bqTev, cqTev, $qTeV, qqTeV, beTyv, esTyv,
bqTuv, cqTuv, sqTuV, qqTuV, betww, esThy, by, cqmav, sqThv, qqThV

QCD jets 161-187 bbcess, bbees, bbee, bbess, bbes, bbe, bbss, bbs, bb, beess, bees, bee, bess, bes, be, bss, bs, b, cess, ces,

cc, css, cs, ¢, $8, s, others

Anuranjan Sarkar | ML4Jets 2026
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Backup: MPM+NTP

Next token prediction (NTP) Masked token prediction (MPM) Joint NTP and MPM

(a) (®) (c)

FIG. 2. Schematic overview of the different pre-training strategies: (a) next token prediction (NTP), (b) masked token prediction (MPM) [4, 5],
and (c) joint NTP and MPM. Token-IDs are shown as #;, continuous feature vectors as ¢;, pseudo-continuous feature vectors as J,-, the mask
embeddings as ;. The vectors &; represent the backbone output and #; and ¥; represent the next and masked token predictions, respectively.
The particles are not pr-sorted, but with positional encoding the information of the pr-order within the masked subset is recovered: in this
example, the first masked particle (position 1) is assumed to have smaller pr than the second masked particle (position 4), which is why they
are re-introduced as 17, and i, respectively when using positional encoding.

Anuranjan Sarkar | ML4Jets 2026
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Backup: Transformer Backbone

[ Task specific head )
A
d Transformer backbone\
Mulihead | | Dropout : \ —_
attention AT a Transfurmeh
block A C Laye: Norm ] decoder block
k D
5
Linear
N blocks
A
e
il
Multihead
attention block
ery | | Value n heads
) % F | »
|/ 8 |
N4 ( Embedding )
\ ! 4
[ start token, tokenl, token2, ..., stop token J

Figure 2: Architecture of the transformer backbone component of OMNIJET-a. The data that has been
encoded by the VQ-VAE is fed through an embedding layer, before it reaches the main part of the model
which is based on the transformer decoder. The output of the transformer decoder blocks is passed to a
task specific head, for either generation or classification tasks. Note that during inference of the generative
model, the model does not receive complete token sequences, but only the start token. The model will then
autoregressively generate the rest of the sequence, updating its input as it progresses, as described in the
text.

Anuranjan Sarkar | ML4Jets 2026

31



