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Simulation at Colliders
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Collider Physics relies heavily on

simulation for data analysis, design, etc.

High fidelity simulations are expensive
* Especially detector simulations!
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Machine Learning in Simulations
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Correct Low Fidelity Simulations
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https://arxiv.org/abs/2109.02551

Using Surrogates Beyond Data Generation .

Design Optimization

Multi-Dimensional Unfolding

Optimization of SHiP Magnetic Shield Design
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Machine Learning and LHC Event Generation ;

Surrogate methods can also be used to
improve sampling / integration of Matrix
Elements

At SLAC, we are pioneering a new direction in
Differentiable Programming for HEP

* Make HEP codes “differentiable” and integrate
into optimization or ML pipelines

* Get more from each simulated event

* Example: MadJax differentiable matrix elements

0.4 Z + 3 jet exclusive
T
= —— Truth
§0.2 —— INN
2 —— Train
0.0 2
3= 1.05 1 ‘ =Hne
g 1.00 = "Eﬁ%;—:‘p\_ - = 1=
2150.95 1 = AT S
1001 v v sees . 4.siz i ciles
ETIRMHFUH NI !
< 01 1108 IR 4E Thetl|
0 2 4 6 8
ARj j,
1e—22 ete~-Higgs—»ZZ-4l 1e—23
2.50 — 0O
0.0
2.25
200 Heinrich, Kagan, -0.2
' arXiv:2203.00057 —0.4
§ 1.75 A aBTa
6 150 -0.6 z
. -0.8
1.25 j
1.00 mada 10
0.75 a—{ -1.2
80 100 120 140

Mz (GEV)
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The Future

* How to we best design, train, and validate the models?
* How do we integrate these models with experiments and

simulation code-bases?

* What can we use these models for, beyond just generating data?

* How can we mix scientific software with ML to build more
accurate, robust, and interpretable scientific ML methods?

Machine Learning and LHC Event Generation
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Abstract
First-principle simulations are at the heart of the high-energy physics research program.
They link the vast data output of multi-purp d with fund. 1 theory pre-

dictions and interpretation. This review illustrates a wide range of applications of mod-
ern machine learning to event generation and simulation-based inference, including con-
ceptional developments driven by the specific requirements of particle physics. New
ideas and tools developed at the interface of particle physics and machine learning will
improve the speed and precision of forward simulati handle the lexity of colli-
sion data, and enhance inference as an inverse simulation problem.
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New directions for surrogate models and differentiable
programming for High Energy Physics detector simulation
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ABSTRACT

The computational cost for high energy physics detector simulation in future
experimental facilities is going to exceed the current available resources. To
is challenge, new ideas on models using machine learning
methods are being explored to replace ionally exp
itionally, di i ing has been proposed as a complemen-
tary approach, providing controllable and scalable simulation routines. In this
document, new and ongoing efforts for surrogate models and differential pro-
gramming applied to detector simulation are discussed in the context of the
2021 Particle Physics Community Planning Exercise (‘Snowmass’).
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