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Google MapsPopulation historyHighest-rated pizza
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Census data GeologyLead levels in pigeons
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I want to construct a wide-ranging, multi-layered, data-driven 
representation of our Universe that can both complement and 
deepen our existing scientific understanding.
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(multi-detector &  
multi-disciplinary) (multimodal) (self-supervised)
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The AI industry has already established some effective methods for 
integrating text, images, video, speech, etc. across domains.  

Will physics data present new challenges for these methods?
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Physics data has some qualities that are relatively under-explored in mainstream ML.
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Deep theoretical grounding → exploit known symmetries & simulations 

Diverse data formats → custom vs. generic embeddings 

Detector-specific biases → publish data without detector effects 

Group anomalies → statistical anomaly detection 

Highly multi-modal → unify inputs across an entire detector 

Informed by universal physical laws → multi-detector/disciplinary analyses
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Unlike most fields, physics is grounded in deep & well-known mathematical frameworks. 

(particularly useful: symmetries!)
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Unlike most fields, physics is grounded in deep & well-known mathematical frameworks. 

Symmetries can be implicitly or explicitly encoded into neural networks:
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Unlike most fields, physics is grounded in deep & well-known mathematical frameworks. 

We can do this even for much more complicated-looking symmetries:
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Unlike most fields, physics is grounded in deep & well-known mathematical frameworks. 

arXiv:2311.03094

That said, the benefits of equivariant networks 
are most striking when data is highly limited — 
in a data-rich regime, the benefits are less clear.

http://www.apple.com
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What level of structure is best for representing our data?

Prescribed structure Learned structure

Industry-standard formats Physics-informed Self-supervised

arXiv:1511.05190, arXiv:2007.13681 arXiv:2403.07066, arXiv:2503.11632arXiv:2203.06153

https://arxiv.org/abs/1511.05190
https://arxiv.org/abs/2007.13681
https://arxiv.org/abs/2403.07066
https://arxiv.org/abs/2503.11632
https://arxiv.org/abs/2203.06153
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Unlike most fields, physics is grounded in deep & well-known mathematical frameworks. 

Another benefit: we often have high-quality simulations! 

But also: a rigorous standard for interpretability (maybe)



Physics data has some qualities that are relatively under-explored in mainstream ML.
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Physics data comes in all kinds of custom formats that are difficult to natively combine.



22

Physics data comes in all kinds of custom formats that are difficult to natively combine.

Custom embeddings: 
precise, but potentially tedious

Generic embedding?

arXiv:2403.05618

arXiv:2510.17959

{'description':{ 
'planet0':{ 

'm':4.842,'a':2.679,'e':0.923 
}, 

'planet1':{ 
'm':4.813,'a':1.0,'e':0.191 
}, 

'stepsize’: 0.8}, 
'data':[ 

[[2.525,-0.397],[0.963,-0.232]], 
[[2.557,0.112],[0.830,0.542]], 
[[2.483,0.618],[0.1832,0.981]], 
[[2.318,1.100],[-0.577,0.823]], 
[[2.066,1.541],[-0.994,0.173]] 
]}

http://www.apple.com
http://www.apple.com
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Physics data comes in all kinds of custom formats that are difficult to natively combine.

Rendering data as text is easy to combine, but most language tokenizers hinder mathematical abilities.

Wrong! It’s 10,427,202.

arXiv:2305.18654

e.g. GPT-4 fails at 4-digit multiplication 
over 95% of the time without tool use:

https://arxiv.org/abs/2305.18654
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Physics data comes in all kinds of custom formats that are difficult to natively combine.

LLMs struggle to understand what makes numbers distinct from other language-based tokens.  

Moreover, they struggle to represent numbers with a finite dictionary of tokens:
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Physics data comes in all kinds of custom formats that are difficult to natively combine.

One possibility is to add a dedicated numerical token with a magnitude that scales with the number itself:

+

e1e3

e2

x = 1

x = 2.4

arXiv:2310.02989

http://www.apple.com
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In-distribution Out-of-distribution

Dedicated numerical encodings can help enable rendering physics data as language.
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This can even predict time series data, despite not being trained autoregressively:

Dedicated numerical encodings can help enable rendering physics data as language.
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Moreover, physics data often needs context — perhaps we should treat text as a critical modality:



29arXiv:2410.18959

Moreover, physics data often needs context — perhaps we should treat text as a critical modality:



Physics data has some qualities that are relatively under-explored in mainstream ML.
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Measured jet pT True jet pT

High-dimensional & unpinned unfolding allows us to publish more flexible datasets.
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Learns a high-dimensional reweighting function based on the ratio of the probability densities:

“Likelihood ratio”

Jet pT              

High-dimensional & unpinned unfolding allows us to publish more flexible datasets.
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Jet pT Jet y

High-dimensional & unpinned unfolding allows us to publish more flexible datasets.



34arXiv:1711.02692 • CERN-EP-2017-157

Many LHC measurements are published as binned  
differential cross-sections at the particle level.

(So far from the LHC, for only one or two observables at a time).

High-dimensional & unpinned unfolding allows us to publish more flexible datasets.
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High-dimensional & unpinned unfolding allows us to publish more flexible datasets.



36arXiv:2405.20041

High-dimensional & unpinned unfolding allows us to publish more flexible datasets.

https://arxiv.org/abs/2405.20041
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Let’s construct some new observables… IRC-safe phase space!

arXiv:2405.20041

https://arxiv.org/abs/2405.20041
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Let’s construct some new observables…

Average mj1 in bins of leading jet pT

arXiv:2405.20041

https://arxiv.org/abs/2405.20041
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High-dimensional & unpinned unfolding allows us to publish more flexible datasets.



402507.09582

High-dimensional & unpinned unfolding allows us to publish more flexible datasets.

https://arxiv.org/pdf/2507.09582


Physics data has some qualities that are relatively under-explored in mainstream ML.
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Anomaly detection in particle physics targets group anomalies, not single-event outliers.
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Anomaly detection in particle physics targets group anomalies, not single-event outliers.

arXiv:2502.14036 arXiv:2508.13566 

https://arxiv.org/abs/2502.14036
https://arxiv.org/abs/2508.13566
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Anomaly detection in particle physics targets group anomalies, not single-event outliers.
(and group anomalies show up in astrophysics, too!)

arXiv:2305.03761 

https://arxiv.org/abs/2305.03761
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Anomaly detection in particle physics targets group anomalies, not single-event outliers.
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https://arxiv.org/abs/2305.03761
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A modality is a specific way of perceiving the world – 
it’s a concept deeply rooted in our own five senses. 

(In ML, common modalities include text, audio, video, etc.)
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AI industry has multimodal models, but the modalities are relatively few and well-defined:



Significant evidence suggests 
that including multiple views/
modalities in a single model can 
improve performance on 
downstream tasks relative to 
unimodal models:

(CLIP, 2021)
50

Multimodal models see promising performance in industry and in science.



51(AstroCLIP, 2023)

Multimodal models see promising performance in industry and in science.
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But what happens when we try to encode 10, 20, 50+ modalities at once?
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But what happens when we try to encode 10, 20, 50+ modalities at once?

arXiv:2406.09406 arXiv:2510.17960

http://www.apple.com
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But what happens when we try to encode 10, 20, 50+ modalities at once?

arXiv:2510.17960

http://www.apple.com
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We’ve started to see some domain-specific foundation models in physics…

OmniLearnOmni-Jet ɑMasked Particle Modeling (MPM)
arXiv:2401.13537 & arXiv:2409.12589 arXiv:2403.05618 arXiv:2404.16091 

arXiv:2502.14652

https://arxiv.org/abs/2401.13537
https://arxiv.org/abs/2409.12589
https://arxiv.org/abs/2403.05618
https://arxiv.org/abs/2404.16091
https://arxiv.org/abs/2502.14652
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…and it seems like they can be fine-tuned to transfer surprisingly well out-of-domain:

arXiv:2512.24422

https://arxiv.org/pdf/2512.24422
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Can we better characterize the scientific landscape to redefine “near” and “far”?

arxiv:2503.09894

https://arxiv.org/pdf/2503.09894
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Will our analyses benefit from incorporating information from other datasets?

(Incompressible) (Compressible)(Compressible)

Scratch Scratch

V-MAE
V-MAE

MPP MPP

arXiv:2310.02994
arXiv:2412.02527

https://arxiv.org/abs/2310.02994
https://arxiv.org/abs/2412.02527
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How much does the shared information content affect downstream performance?

arXiv:2406.09406
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ChatGPT and other LLMs were trained on O(1%) of the Internet. Their powerful 
generalization capabilities emerged at some point due to a combination of model 
capacity, heterogeneity, and training dataset size.

arXiv:2206.07682

Will scientific foundation models trained on vast, heterogeneous datasets also yield emergent 
out-of-the-box generalization properties, as we see in many industry-scale foundation models?

Will our analyses benefit from incorporating information from other datasets?

https://arxiv.org/abs/2206.07682
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“Every time I describe a city I am  
saying something about Venice.”

Art by Matteo Pericoli
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“Only in [these] accounts was [he] able to discern the tracery 
of a pattern so subtle it could escape the termites' gnawing.” 
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Classifier functions can be re-used to directly approximate a likelihood ratio.

A vanilla NN classifying between two classes could be trained using binary cross-entropy loss:

The function that minimizes this expression will satisfy, for any small variation        :

Likelihood ratioRescaling of classifier output
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After one iteration of our method, the truth-level MC is reweighted to look more like truth-level data. 

OmniFold reweights truth-level MC to estimate “truth-level” data.
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After five iterations of our method, the reweighted truth-level MC is closely aligned with truth-level data. 

OmniFold reweights truth-level MC to estimate “truth-level” data.



The OmniFold procedure requires two datasets* as inputs: 
(*In practice, we use samples from different MC generators as well as systematically-shifted samples to determine uncertainties.)

● MC sample with events at both detector-level and particle-level
● Real data
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In a multi-stage and iterative process, a series of neural networks are trained to learn a reweighting 
function that maps particle-level MC distributions to particle-level data distributions. 


