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well-understood 

physics processes

…we can’t observe the intermediate states :z

While we understand very well how our data is generated…

hopeless integral 
over millions of dim.
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makes text-book data analysis impossible…
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“Simulation”

Inference in HNEP is fundamentally challenging
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But we can generate sample data:  by encoding 
our physics into (very costly) simulators

x ∼ p(x |θ)̂θ Inference
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Common Strategy: try to find a good low-dimensional 
observables: x → yx = f(x)

estimate  from samples 
for inference i.e. 
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This is the core of “reconstruction” and “analysis”
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Inference in HNEP is fundamentally challenging



July 2012 in Computer Science
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Breakthrough of neural-network based “Deep Learning”



Impressive Progress in the last Decade

“A painting by Grant Wood of 
an astronaut couple, 

american gothic style”

generate low-level data from high-level concepts

“This is a picture of Barack Obama”
“His foot is positioned on the right side of the scale”

“The scale shows a higher weight”

reconstruct high-level concepts from raw data

Language

Pixels
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Acceleration of Computation 
(e.g. sometimes by searching for a good approximation)

Search for new (better) Algorithms 
(e.g. targeted search based on samples)

ML Opportunities in Fundamental Physics

Start

End

Target

x

space of possible algorithms

up to us to find best observables 
→search for best reconstruction

simulation side: the physics is fixed: 
nothing to search for  →speed up simulation 7



Learning: data-driven search for a function with optimal performance in a huge 

Space of Algorithms

inputs Algorithm  fϕ output

Feedback

parameters

Evaluation objective

training data
algorithm
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E(x,y)L(f�(x), y)
performance 

evaluation

Lightning Summary of ML
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Performance:
How do we learn practically?



search space should be large enough → trillions of parameters! How could this work? 
→ gradient-based optimization (“good sense of direction”)

→ requires algorithms and evaluation to 
be differentiable

∂L
∂ϕ

=
∂L
∂f

∂f
∂ϕ

Lightning Summary of ML

To deal with hyper-planes in a 14-dimensional space, visualize a 3D  
space and say 'fourteen' to yourself very loudly. -Hinton (DL pioneer)
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Finding the right Search Space

manual derivation of efficient 
gradient computation

fixed but generic, large and easily 
differentiable function class:

domain-specific, arbitrary computation 
encoding e.g. symmetries, dynamics, …

? 

Rgy = f(Rgx) ·x = f(x)

[M. Bronstein]
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At first Increasingly



Differentiable Programming
The key: programming languages whose programs are inherently differentiable 
• avoid overhead of computer algebra (symbolic differentiation) 
• exact gradients instead of numerical approx. (unstable in high dimensions)

exact gradients!

… but also C++, Fortran, … ( see backup )

standard 
programming

differentiable 
programming

Program

x ϕ

fϕ(x)

Program

x ϕ

fϕ(x) ∇ϕ fϕ(x)
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Immediate Gains from DiffProg: allows us to add physics into ML models 

• bias towards good solutions by constraining solution space 
• hard-coded knowledge does not need to be learned from data (efficiency)

Differentiable Programming in ML

Start

End

Target

x

no structure

differentiable 
structure

Data

Er
ro

rs

put physics here
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Differentiable Programming in ML

Hamiltonian Neural Nets

Lorentz-Invariance

Neural Nets with 
QCD-like Structure

arXiv:1906.01563

arXiv:2006.04780

arXiv:1702.00748

Gauge-Equivariant 
Convolutional Neural Networks

SU(N)-Equivariant Normalizing Flows

Lagrangian Neural Nets
arXiv: 2003.04630
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Complementary Approach: add physics-driven evaluation 

Differentiable Programming in ML

put physics here

14



Training Fast Simulators: produce events at correct relative proportions 

At parton level, events should follow Matrix Element proportions 


If we have differentiable Matrix Elements  we can check directly
|ℳ |2 ({ ⃗pi }, θ)

Differentiable Programming in ML

σ(x, θ) = ∑
i

|ℳi(x, θ) |2

noise eventsML model

sample diversity

result
Matrix Elements

parameters

physics-driven evaluation 15



MadJax: MadGraph calculations (originally FORTRAN) transpiled into differentiable 
programming language (JAX) → usable as evaluation function during training


Differentiable Programming in ML

∇xσ(x, θ) ∇θσ(x, θ)
phase-space 
derivatives

theory Parameter 
derivatives

better description of density than 
pure ML training

mg5_aMC  —mode=madjax_me_gen -f ee_to_mumu.mg5
arxiv:2203.00057 16

[LH, M. Kagan]



Same approach in Lattice QCD:  

Learn proposal distribution for sampling 
of fields on a lattice (for MCMC / IS)

• encode symmetries in ML sampler

• evaluate on LQCD action in DiffProg 

language (pytorch)


Differentiable Programming in ML

noise fieldsML model

sample diversity

result
LQCD Action

parameters

physics-driven evaluation
arxiv: 1904.12072
arxiv:2101.08176

Albergo et al.
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Parton Density Functions: DP can train NNPDF as it was meant to be trained 
One of the early use-cases of NNs in HEP: PDF parametrizations 
 

Differentiable Programming in ML

physics-driven evaluation

Curiosity:  
traditionally not(!) trained via gradient-descent 
→ too difficult to get gradients

→ use genetic algorithms (mutation + select) 
→ works but is slow

genetic algorithms

χ2
3

DGLAP

χ2
1

PDF at Q0NN @ Q1

χ2
2

@ Q2DGLAP @ Q3DGLAP

pars ϕ

χ2
global

[Source] 18

https://www.cs.ubc.ca/~van/papers/2013-TOG-MuscleBasedBipeds/index.html


More recently: PDF evolution kernels implemented in DiffProg (Tensorflow)

• allows finally for a gradient-based training of NN 

Differentiable Programming in ML

arxiv: 1907.05075 
19[Carrazza et al]



Gradients useful far beyond ML: e.g. complex fits via differentiable programming 

Differentiable Programming Beyond ML

ComPWA [R. deBoer, M. Mikhasenko]

Partial Wave Analysis
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Binned Likelihoods (LHC, EIC, Belle-II, …)
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https://app.slack.com/team/U0353VC9XNX


Speaking of Genetic Algorithms…

21



Speaking of Genetic Algorithms…

The current practice of designing and optimizing antennas by hand is limited in its ability to 
develop new and better antenna designs because it requires significant domain 

expertise and is both time and labor intensive. 

Algorithmic Optimization of Hardware?
22



One more thing to tune:
Beyond reconstruction & analysis, we have an additional knob we can tune: 
• the experiment design itself!

Example: ATLAS Calorimeter hand-designed 
for Higgs Discovery (Photon Pointing)

[Nikiforou, 1306.6756]
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Beyond reconstruction & analysis, we have an additional knob we can tune: 
• the experiment design itself!
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Beam Types

Beam Energy

Detector Design

One more thing to tune:

New Detectors are coming, can ML 
help design them?

[AI4EIC]
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https://indico.cern.ch/event/1072579/contributions/4802327/attachments/2457674/4212901/CAP_Fanelli_2022.pdf


Genetic Algorithms yield e.g.  projective design of tracking system 
→ ongoing R&D: 10% improvement in resolution

arxiv:2205.09185

One more thing to tune:

Can a gradient-based optimization work / improve? 
(similar to NNPDF example?)
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An Example from outside Physics

Design Simulation Evaluationparam surface water flow hit target?

unoptimized design optimized design
[Source]
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https://www.deepmind.com/publications/physical-design-using-differentiable-learned-simulators


Key difficulty: HEP simulation is highly stochastic and discrete (decays, showers,…)

→ need gradient over complex expectation over data and event histories


Ways to gradient-based training

• replace true simulator with smooth, differentiable “surrogate” (ML generative model)

• neural network based proposal, train on gradients of policy instead of simulation

Differentiable Design Optimization

<latexit sha1_base64="j2BKbY6wooddsPz9phfDEovk1r4="></latexit>
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dx1f(x)
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probability of data under design ϕexpected performancegradient wrt 
to fit paramets
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ψ1

ψ2

Example: Optimize Muon shielding in SHiP 
• local differentiable proxy + gradient descent

Differentiable Design Optimization

ψ2

O Lantwin

[see A.Ustyuzhanin's Talk in last year’s QCHS]

28

https://indico.uis.no/event/12/contributions/240/attachments/122/195/Ustyuzhanin-ConfXIV.pdf


Example: End-to-end differentiable Muon Tomography Design Optimization 
• instead of surrogate, implement a detector simulation in diffprog language

• fast convergence to good design


Differentiable Design Optimization

[see G. Strong's presentation Thursday Track H]
[G.Strong]
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https://indico.uis.no/event/12/contributions/240/attachments/122/195/Ustyuzhanin-ConfXIV.pdf


Differentiable Simulators & Design Optimization: very early days

→ a lot of foundational work to be done - join! 

Differentiable Design Optimization

https://www.munich-iapbp.de/probabilistic-programming https://indico.cern.ch/event/1145124/ 30

https://www.munich-iapbp.de/probabilistic-programming
https://indico.cern.ch/event/1145124/


HNEP Analysis is dominated by simulation & optimization problems 
• fast simulation, search for best observables

• ripe for significant improvement by ML methods


Differentiable Programming:  
• one of the underlying secrets of Deep Learning, lots of interest in recent years

• allows a more nuanced look at ML: encode physics into model & evaluation


Generalizing from ML: we can abilities of diff. prog. to solve non-ML tasks 

• nascent field of ML and/or gradient-based experimental design 

optimization e.g. for EIC

Summary
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