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how does your brain efficiently break down an image? 

it performs a quick “compression” of relevant features, 

and it has seen many varieties of situations beforehand.
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e.g. jet constituents are exchangeable, 
greatly reducing the function space over which 

flavor taggers must search.
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in collider physics we often deal with a simpler situation: 

e.g. jet constituents are exchangeable, 
greatly reducing the function space over which 

flavor taggers must search.

set-transformers provide a good 
inductive bias for jet-tagging tasks. 

large volumes of simulation allow 
quick inference via amortization.
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two axes: event complexity and dataset size
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to state the problem more formally,


๏we aim for a procedure for inferring some parameter , 
given some observations , 
even in the presence of nuisance parameters. 

๏ for example, given the data we’ve observed, what are 
the constraints on 

✦  or ?


๏ this procedure should computationally scale gracefully 
to LHC-scale datasets.

ϕ
{x} ≡ {x1, x2, …}

ϕ ≡ αS(Q2) ϕ ≡ μnew physics
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this procedure should computationally scale gracefully to 
large datasets. 

๏ two main requirements:


✦ efficient “compression” of observations , 


✦ efficient way to combine compressed observations 


๏both above should preserve information about  from .

x ti ≡ t(xi)

ti, tj

ϕ x
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recent literature solves this problem under lenient conditions 
if we are able to simulate . 

๏ i.e. we need to be able to produce datasets with 
various choices of the quantity we want to extract. 
 
 
 

๏ e.g. to measure , one needs to be able to simulate 
datasets given each choice of .

ϕ → p({x})

αS(Q2)
αS

publication link 

TMLR (2024)

https://arxiv.org/abs/2306.12584
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How? Train two neural networks jointly on your simulation:


๏ one learns a per-event compression ;


๏ the second learns , 
i.e.  given the average  over observations:


✦ averaging is the “correct” inductive bias for IID data.


๏ this procedure asymptotically approaches the correct 
, even in the presence of nuisance parameters!


✦ applying  and  is extremely fast!

t(x)

ρ(⟨t⟩) ≈ p(ϕ ∣ ⟨t⟩)
p(ϕ) t(x)

ρ(⟨t⟩) ≈ p(ϕ |{x})

t ρ
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per-event operations and aggregation

x t(x) ⟨t⟩

t average

{t1, t2, …}
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two axes: event complexity and dataset size
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we recently showed  learned from datasets of size 2 
generalizes to larger datasets:


๏ this vastly reduces the cost of deriving .


๏ a solution to a general “compression” problem for IID data that is 
especially pertinent for collider physics.

t(x)

t(x)

preprint link 

NeurIPS main track 
(accepted)

https://arxiv.org/abs/2605.07972
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ψ
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what might a “simulator” look like? 
example: particle physics “bump hunt”


๏  here are dijet masses


๏ the goal is to extract the signal fraction ( ),


✦ but we don’t know exactly where the signal peak sits 
(global nuisance ). 
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what might a “simulator” look like? 
example: particle physics “bump hunt”


๏  here are dijet masses


๏ the goal is to extract the signal fraction ( ),


✦ but we don’t know exactly where the signal peak sits 
(global nuisance ). 

๏ the neural approximation emits the correct answer,


✦ marginalizing properly against the global nuisance.


๏ checked against “brute force” MCMC.

{x}

θ

ψ
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tested on a wide variety 
of tasks:


๏ image processing


๏ 3D view synthesis


๏molecular chemistry
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we find this procedure


๏ yields parameter 
constraints as good as 
end-to-end training, 

๏ substantially reduces 
total computational cost, 

๏ requires only two 
observations to be 
loaded in memory to 
derive .t(x)



28

to summarize,


๏ given a simulator from ,


✦ one can derive a compression  of  
that is information-preserving w.r.t. .


✦ averaging over  combines observations 
while preserving information w.r.t. .


๏  is very fast to compute and update!

ϕ → p({x})

t x
ϕ

t(x)
ϕ

ρ(⟨t⟩) ≈ p(ϕ ∣ {x})
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potential applications in HEP, specifically:


๏ derivation of optimal observables in the presence of nuisances, 

๏ large-scale, compute efficient simulation-based inference (SBI), 

๏ real-time analysis 

✦ if  and  are pre-trained, one can e.g. infer a BSM signal 
strength on the fly.


๏ online monitoring and calibration

t ρ
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bonus
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inference of  over a dataset, , 
via the deep set architecture

ϕ {x}

ρ

t

t

t

p(ϕ |{x})

xi

xj

xk

t(xi)

t(xj)

t(xk)

⟨t⟩

per-event 
network

permutation 
invariant 

aggregator

dataset-wide 
inference 
network
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