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Jet Foundation Model: OmniJet-α
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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
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OmniJet-α: Developments
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2024

OmniJet-α[1]
● Tokenized input
● pT sorted 

constituents
● Kinematics only

2025

OmniJet-α v2
● Shuffled 

sequences
● Continuous input, 

token targets + 
particle-ID, 
displacement

● NTP vs MPM vs 
MPM+Gen
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2024

OmniJet-α[1]
● Tokenized input
● pT sorted 

constituents
● Kinematics only

2025

OmniJet-α v2[2]
● Shuffled 

sequences
● Continuous input, 

token targets + 
particle-ID, 
displacement

● Hybrid pre-training
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OmniJet-α: Developments

[1] Birk et al. (2024). arXiv:2403.05618
[2] Birk et al. (2025). arXiv:2512.04149
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What has changed since: Continuous extended features
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What has changed since: Continuous extended features
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What has changed since: Hybrid pre-training objectives
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[1] Golling et al. (2024). arXiv:2401.13537
[2] Leigh et al. (2025). arXiv:2409.12589

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

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

[1-2]

● Hybrid pre-training Gen/NTP+MPM 
performs better than NTP 

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

[3](MPM)
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What has changed since: Hybrid pre-training objectives
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[1] Golling et al. (2024). arXiv:2401.13537
[2] Leigh et al. (2025). arXiv:2409.12589
[3] Birk et al. (2025). arXiv:2512.04149

[1-2]

● Hybrid pre-training Gen/NTP+MPM 
performs better than NTP 

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

[3]

Q. Since Top tagging is a classification task, 
does a pretrained class head along with a 

pretrained backbone help us transfer better?

(MPM)

https://arxiv.org/abs/2401.13537
https://arxiv.org/abs/2409.12589
https://arxiv.org/abs/2512.04149


Question: Does class head transfer better with finer 
supervised pretraining(198 labels)?
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OmniJet-α 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

OmniLearned[2] 1B Jets including JetClass-I+II jointly Always uses Class+Gen pretraining

OmniLearned Pre-training study[3] Similar combinations of pre-training study JetClass-I (only 10 labels)

[1] Li et al. (2024). arXiv:2405.12972
[2] Bhimji et al. (2026). arXiv:2510.24066
[3] Elsharkawy et al. (2026). arXiv:2606.14870
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OmniJet-α 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

OmniLearned[2] 1B Jets including JetClass-I+II 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-α.
● Improving our framework to use multiple datasets with different feature inputs for pretraining and finetuning.
● Pre-trained on JetClass-I(10 labels) and JetClass-II(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?

[1] Li et al. (2024). arXiv:2405.12972
[2] Bhimji et al. (2026). arXiv:2510.24066
[3] Elsharkawy et al. (2026). arXiv:2606.14870
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Question: Does class head transfer better with finer 
supervised pretraining(198 labels)?
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Improvements to OmniJet-α: One backbone, All Datasets
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● Backbone input is only the 3 kinematic features every dataset has.

Constituents kinematic input
log(pT), η, ɸ

Transformer 
backbone

Classification head

MPM head

Generation head

8 heads, 8 layers, 
128 embed dim

~ 1.6M parameters
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Improvements to OmniJet-α: One backbone, All Datasets
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● Backbone input is only the 3 kinematic features every dataset has.
● Optional groups enter through bias-free projections that are added, an absent group contributes exactly zero
● Trained with dropout on those branches, so the backbone is robust to datasets lacking in the PID/track information.

Constituents kinematic input
log(pT), η, ɸ

PID / mass / charge
7 features

Tracking information
4 features

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

Transformer 
backbone

Classification head

MPM head

Generation head

8 heads, 8 layers, 
128 embed dim

~ 1.6M parameters
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Improvements to OmniJet-α: One backbone, All Datasets
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● Backbone input is only the 3 kinematic features every dataset has.
● Optional groups enter through bias-free projections that are added, an absent group contributes exactly zero
● 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

Constituents kinematic input
log(pT), η, ɸ

PID / mass / charge
7 features

Tracking information
4 features

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

Transformer 
backbone

Classification head

MPM head

Generation head

8 heads, 8 layers, 
128 embed dim

~ 1.6M parameters
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Any optional features
 From any dataset 



Pre-training setup

Anuranjan Sarkar  |  ML4Jets 2026

234M
jets pre-trained on

10+188=198
joint classes

65,536
VQ-VAE tokenizer codes

~2.0M
total parameters

Two pre-training datasets

JetClass-I 100M jets · 10 classes
5M jets · Validation
20M jets · Test

JetClass-II 134M jets · 188 classes
33.5M jets · Validation
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.
● Classification head gets raw continuous inputs instead of tokenized inputs to prevent loss of information. 
● All arms compared at 5 passes of the 234M dataset.
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Downstream tasks

Anuranjan Sarkar  |  ML4Jets 2026

Task Jets Constituents Classes

Top tagging (Landscape) 1.21M Kinematics only 2 (Top/QCD)

ATLAS open flavour tagging 5.6M Charged tracks only 4  (light/c/b/τ)

Feature availability

Kin PID Trk

JetClass-I

JetClass-II

Top tagging

ATLAS FTAG

Filled = present.  The optional 
branches are what let one 
backbone absorb the gaps.
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Task Jets Constituents Classes

Top tagging (Landscape) 1.21M Kinematics only 2 (Top/QCD)

ATLAS open flavour tagging 5.6M Charged tracks only 4  (light/c/b/τ)

Both downstream tasks differ from pre-training in other ways
● Detector:

○ JetClass and JetClass-II use CMS simulation; R=0.8 for both 
○ 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)

Feature availability

Kin PID Trk

JetClass-I

JetClass-II

Top tagging

ATLAS FTAG

Filled = present.  The optional 
branches are what let one 
backbone absorb the gaps.
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Top tagging: Does the pretrained Class head transfer better?
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Preliminary plot: Rejection of 
QCD background at top 
signal efficiency of 30%



Top tagging: Does the pretrained Class head transfer better?

Anuranjan Sarkar  |  ML4Jets 2026
22

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

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

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



Top tagging: Does the pretrained Class head transfer better?
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● Reused heads outperform their fresh 
heads counterparts at 1.2M jets.

● Class+MPM reused head outperforms 
all other arms at 1.2M jets also. 

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

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

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



ATLAS flavour tagging: Pretrained class head transfers?
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● ~4M training jets already gives light 
rejection(b-tagging) 1150 with 
Class+MPM, against GN2's 1097 
trained on 168M training jets.

● At 4000 dataset size, we see a 
similar trend of Class and 
Class+Gen underperforming with 
fresh class heads compared to the 
reused ones.

● At 4M jets, the reused heads 
perform a bit better than their 
fresh heads counterparts apart from 
Class in c-tagging and 
Class+MPM+Gen in b-tagging.

24

Preliminary plot: Light jet 
rejection at b-tagging 
efficiency of 70%
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● ~4M training jets already gives light 
rejection(b-tagging) 1150 with 
Class+MPM, against GN2's 1097 
trained on 168M training jets.

● At 4000 dataset size, we see a 
similar trend of Class and 
Class+Gen underperforming with 
fresh class heads compared to the 
reused ones.

● At 4M jets, the reused heads 
perform a bit better than their 
fresh heads counterparts apart from 
Class in c-tagging and 
Class+MPM+Gen in b-tagging.

25

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

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

● However, Class+MPM+Gen fresh head 
outperforms all other arms at 4000 jets.
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● ~4M training jets already gives light 
rejection(b-tagging) 1150 with 
Class+MPM, against GN2's 1097 
trained on 168M training jets.

● At 4000 dataset size, we see a 
similar trend of Class and 
Class+Gen underperforming with 
fresh class heads compared to the 
reused ones.

● At 4M jets, the reused heads 
perform a bit better than their 
fresh heads counterparts apart from 
Class in c-tagging and 
Class+MPM+Gen in b-tagging.
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● Here, reused heads performs better 
than fresh heads for 4000 jets.

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

● Reused heads outperform their fresh heads 
counterparts at 4M jets.

● Class+MPM reused head outperforms all 
other arms at 4M jets also. 

● Achieved a light jet rejection of 1110 with 4M 
jets compared to ATLAS GN2 light jet 
rejection 1097 trained on 168M jets.

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



Summary
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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)
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Improvements to OmniJet-α: Optional feature branches makes one backbone dataset-agnostic
Kinematic features trunk plus additive bias-free optional feature branches 

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



28



29

Backup: JetClass-I+II labels 
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 JetClass Labels

 JetClass-II Labels



Backup: MPM+NTP
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Backup: Transformer Backbone
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