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Self-supervised learning paradigm

Self-supervised pre-training (upstream)
• Train a ‘backbone’ model on unlabeled data
• Let the model observes structure in data
• Learn the underlying structure and patterns
• Map raw inputs into a meaningful 

representation space

Supervised fine-tuning (downstream)
• Use the pre-trained model as the 

starting point
• Fine-tune on labeled data for 

specific downstream tasks

Machine observes 
large amounts of 
unlabeled data to 
learn underlying 
context

Self-supervised
pre-training

General knowledge

Supervised
fine-tuning

Fine-tune on 
labeled data 
for specific 
tasks such as 
classification

Object detection
Instance segmentation
Classification
…

Model initialization
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Unlabeled data
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(often scarce)

Observation 
feedbacks

Dog? Cat?

Self-supervised learning (build ‘common sense’ upstream)

Supervised fine-tuning (acquire specific skills downstream)

Downstream: fine-tuning



Observation by self-prediction (e.g. language)
As a self-predictive task
• Mask part of the input
• Predict the missing part from the visible part

BERT: Pre-training of deep bidirectional transformers for language understanding [1810.04805]
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“The Higgs boson is an elementary particle in the Standard Model.”

“The Higgs ______ is an elementary ______ in the Standard Model.”

Mask words in a sentence,
then train to fill in the blanks.

elementary

An example from LLMs
[mask language modeling]

The Higgs [MASK][CLS] [MASK]is an in the Standard Model

BERT

elementaryThe Higgs[CLS] is an in the Standard Model

boson particle

Self-generated labels from data itself

https://arxiv.org/abs/1810.04805
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Random initialization After self-supervised pre-training
(fill-in-the-blanks task)

• Emergent word semantics visualized in projected 2D embedding space
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Observation by self-prediction (e.g. image)
As a self-predictive task
• Mask part of the input
• Predict the missing part from the visible part

An example from computer vision
[mask image modeling]

iBOT: Image BERT pre-training with online tokenizer [2111.07832]

Fill in the 
blanks

Unlabeled data

Generate two 
distorted views 
through 
augmentation

Match two “views” 
of the same image 
in representation 
space

For each image, generate two “views” 
(glitch, blur, flip,…)

Self-distillation
• Teacher sees full image
• Student sees masked image
• Teacher provides target to student

Self-supervised objectives
• Predict masked image patches
• Learn invariance between the two 

‘views’  (they are the same image)

https://arxiv.org/abs/2111.07832
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iBOT: Image BERT pre-training with online tokenizer [2111.07832]

• The learned features often appear 
semantic, even no labels are used

• Different attention heads focus on different 
structures → semantic segmentation

• Pre-training significantly improves 
downstream performance compared to 
supervised model trained from scratch

Input image Attention from multiple attention heads Per attention head

https://arxiv.org/abs/2111.07832


jBOT (ours)
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Input jets
Simulated q/g/W/Z/t jets 
of ~1 TeV at the LHC 
[JetNet]

Augmented jets
• Rotation
• Position smearing
• Collinear splitting

Mask particles that add 
up to x% jet pT, where x 
is uniformly sampled 
from 0 to 50

jBOT: adapting iBOT 
from computer vision to 
LHC jet data

2601.11719

https://zenodo.org/records/6975118
https://arxiv.org/abs/2601.11719


10

• The transformer encoder 
attends to different groups 
of particles across 
attention heads

• Learning high-level info 
and correlations within jet 
substructure

2601.11719

https://arxiv.org/abs/2601.11719


112601.11719

https://arxiv.org/abs/2601.11719
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• After self-supervised pre-training, one can probe the jet representation via the [CLS] token

• The learned representations provide a good starting point for downstream tasks (tagging, 
anomaly detection,…), instead of training directly from raw input features

Self-supervised 
pre-training 
(upstream)

Supervised fine-tuning 
(downstream)

2601.11719

https://arxiv.org/abs/2601.11719
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• Model pre-trained without supervision can already perform competitively with a fully 
supervised model trained from scratch

• After supervised fine-tuning, it often outperforms, especially when labeled data is scarce

E.g., top vs QCD jets

2601.11719

https://arxiv.org/abs/2601.11719
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• When trained on QCD jets only, anomaly 
detection can be performed by probing 
the learned representation space using 
simple distance/density-based metrics

E.g., anomalous signal (W, Z, top) vs QCD jets

2601.11719

https://arxiv.org/abs/2601.11719
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Summary

• jBOT: a self-distillation-based pre-training method for jet data

• Results look encouraging and suggest further exploration and broader applications

• Provide a viable architectural option for foundation model training

• We are also actively working on various advances in SSL: improving 

augmentations, pre-training scheme, events vs jets etc.
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