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Why is physics so much better at generalising 
than machine learning?



Problem of unknown unknowns

• Neural networks will pick 
up on everything you give 
them 

• Deep neural networks 
trained for detecting 
pneumonia 

• Later discovered the 
network was not looking at 
the lungs at all, but rather 
looking at text in the 
background of the image.

Where the model 
is most sensitive:

Geirhos et al., 20203



The Illusion of “Simplicity”

Claim 1: The concept of “complexity” as used in science is wrong 

Claim 2: Occam’s Razor misses the point. 

What we refer to by simplicity is actually utility!!



Core Thesis
“Simplicity” self-deception: We say things are "simple" when we really mean they are 
generally USEFUL 

• e.g., addition: a very abstract and complex concept! 

• But, it’s also very useful. “I have 1 less rock today” => “My neighbour stole one!” 

• Even bees can count to 4! 

• Useful for survival 

But: addition does not have a built-in register  

for real numbers in our brain. 

Addition is an invented concept!



• The lie: 

• "This model is simple, therefore it's probably true" 

• The reality: 

• "This model uses tools that have previously been proven useful for 
modeling the world" 

• We've confused usefulness with aesthetics/simplicity



A note on “simplicity”

• Is “x + y” simple?

The reason “+” is “simple” is 
because it is broadly useful. 

If something is useful for 
problems A, B, C; then it seems 
likely to be also useful for D. 
(Compositionality)

Utility

Familiarity

‘Simplicity’
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The Real Process Behind "Occam's Razor"

• Traditional view: "Simple models are more likely to be true" 

• What's actually happening: "Useful models get reused" 

• The models that survive aren't the simplest; they're the ones that keep 
working 

• Simplicity as a concept is just a descriptor based on human psychology 
and what things we are familiar with. But it’s not “real” in this sense.



Why is this bad?
• All “simple” models were once considered “complex” 

• We call them simple after becoming familiar with them, which happens 
after we realise their general utility 

• It can be unhealthy to write off complex models purely because of their 
complexity - because a complex model might become simple in the future!! 

• A completely novel model unlike anything we've seen could be 
revolutionary if it works across contexts 

• The weird observation: models useful in one domain tend to be useful in 
others 

• Likely due to shared geometry. All problems exist in the same universe 
with the same physics



How We Actually Build Models

• Most models reuse existing tools 

• They're assembled from components that have proven useful: 

• Mathematical operators that helped us build bridges 

• Physical principles that helped us navigate 

• Patterns that helped us survive



What Makes a Model Good?

• Does it predict things accurately? That’s it! 

• Now, we want also want our model to be accurate on unseen, future data. 

• The strange thing about our universe is compositionality: Tools useful in 
one domain often work in others. 

• More general concepts are, by definition, more likely to be general.



Symbolic Regression



Symbolic regression is a machine learning task, where the objective is to 
find analytic expressions that optimize some objective. 

• Popularized by Koza (1990s); and its use in science by Lipson (2000s) 

Jointly optimize accuracy and complexity, where complexity is user-defined



Kouzou Sakai 
for Quanta Magazine









Tools:

PySR & 
SymbolicRegression.jl



Insight from SR

• SR works best, and generalises best, when you use operators common for 
the particular subfield (dilogarithm makes sense for particle physics, but 
not for biology!) 

• Kind of a quantitative way to frame this argument 

• Not because those operators are "simpler" 

• Expressions also generalise better when the expressions are smaller 
(overfitting) 

• Perhaps because they align with patterns that actually exist in that 
domain



Another perspective on this



(2021-) Shift in industry machine learning to favour 
general pre-trained “foundation models”

VisionLanguage
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22 Bommasani et al. (2021)

• Foundation Model Approach: 

• Pretrain models on tasks without 
supervision on large, general 
datasets 

• Adapt pretrained models to 
downstream tasks

Teaching the model 
“general” knowledge 
before specialising it!



Lexical Distance Among 
Languages of Europe 
Steinbach (2015)

Why does ChatGPT work?



“Universality classes”
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The Rise of the Foundation Model Paradigm
• Foundation Model approach 
• Pretrain models on objectives that 

do not require manual labeling to 
get access to very large datasets. 


• Adapt pretrained models to 
downstream tasks.


• Combine pretrained models in 
more complex systems

Bommansani et al. 2021

He et al. 2021

https://arxiv.org/pdf/2108.07258
https://arxiv.org/abs/2111.06377


• An international research 
collaboration to build foundation 
models for science 

• Mostly split between the 
University of Cambridge and 
Flatiron Institute  

• Shared compute for training 
models at industry scale

Introducing: Polymathic AI



Multiple Physics Pretraining 
(a general emulator for continuum physics)
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Many different 
physics! 

Processed with 
the SAME 

transformer



Generalisation in Physics Foundation Models
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Even pre-training on cat videos helps…
(Due to shared concepts of spatiotemporal continuity?)







Hot off the press!

arXiv: 2510.17960







Summary

• Symbolic regression and foundation models have a connection in the 
sense they RE-USE core pieces 

• (If time left, can show exciting new results on interpretability of these 
foundation models)


