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Machine Learning to Enable Orders of Magnitude Speedup in Mult-Objective
Optimization of Particle Accelerator Systems

Auralee Edelen (SLAC), Andreas Adelmann (PSlI, Viligen), Nicole Neveu (SLAC), Yannick Huber, Matthias Frey (PSlI, Villigen)
Mar 18, 2019 - 43 pages

e-Print: arxXiv:1903.07759 [physics.acc-ph] | PDF

Opportunities in Machine Learning for Particle Accelerators

A. Edelen, C. Mayes (SLAC), D. Bowring (Fermilab), D. Ratner (SLAC), A. Adelmann, R. Ischebeck, J. Snuverink (PSI, Villigen), |. Agapov, R. Kammering (DESY), J. Edelen (RadiaSoft,
Boulder) et al. ErE22513 SEE

Nov 7, 2018 - 25 pages

FERMILAB-PUB-19-017-AD
e-Print: arXiv:1811.03172 [physics.acc-ph] | PDF

Genetic Algorithm
(to optimize
accelerator settings)

desired beam
parameters

proposed Accelerator Model predicted beam
settings (Physics Simulation) parameters
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difference
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Further step? ZBIRMIL

« MOO(Multi-objective N

aciion

D

Optimization) Teean
- multi-objective to single-
objective strategy LE LB L
* Pareto strategy
« MORL(Multi-objective
Reinforcement Learning)
» single-policy MORL ST ?
approaches (scalar) C avironment

» Multiple-policy MORL
approaches (approx. of Pareto)

MORL Approaches Basic Principle
The weighted A llma.a.r weighted sum of
sum epproach Q—x'alui;a 15 computed as the
synthetic objective function.
Each objective has its own
g The : . .
= W-leaming recommendation for action selection
§ h and the final decision is based on the
a APpro|t objective with the largest value.
g The analytic hierarchy process
I The AHP - .
g approach (AHP) is employed to derive a
'E PP synthetic objective function.
& The ranking “Partial policies™ are used as the
E’ approach synthetic objective function.
73 A target set satisfying certain
The geometric conditions in
geometric multi-dimensional objective space is
approach used as the synthetic objective
function,
o The convex Lt.a'.-n optimal ﬂl.-'allu: functions or
= policies for all linear preference
e #| hull approach . .
z- = sefttings in the objective space.
-] . Performing any single-policy
B
E = The varying algorithm for multiple runs with
23 o parameter . L
== anproach different parameters, objective
PP threshold values and orderings.
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Deep learning
 Fast differentiability
« High performance computing

CHEP2018, ACAT2019, HOWZ2019, ...
Machine Learning in High Energy Physics Community

White Paper

Machine learning at the energy and intensity frontiers of

particle physics

Computing and Software for Big Science
‘.. December 2019, 3:7 | Cite as

A Roadmap for HEP Software and Computing R&D for
the 2020s

ML Applications and R&D (from the HSF CWP)
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Simulation
Real Time Analysis and Triggering
Object Reconstruction, ID, and Calibration

End-To-End Deep Learning
Sustainable Matrix Element Method

Matrix Element Machine Learning Method
Learning the Standard Model
Theory Applications
Uncertainty Assignment

Data Quality Monitoring H S F

Operational Intelligence



http://inspirehep.net/record/1681439
http://inspirehep.net/record/1684748
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Method domains

Application domains

'HEP industry




Rk

(=
1N

- Algorithm: TR, FAEREH > FEEZRRZY, MoHFRE?

» Computing: TR, SEMMN > WEFIA? WorkflowFHZE N ZE

* Business:

- THZBIN FHIZE > BIF (discriminative) / IR (generative)

. YinEn A S RIERRE 42 > feature extraction / inference
"THZHE" ? EiEZ%RLLFRFA8000AE. .. > Z=IFEUHT

- Data: SEEEBEOLIKMEREEE > MUBEE?




Gartner Hype Cycle for Emerging Technologies, 2018

Widespread artificial intelligence, biohacking, new platforms and immersive experiences dominate Gartner Hype
Cycle for Emerging Technologies

Hype Cycle for Emerging Technologies, 2018

‘ ~ Digital Twin Deep Neural Nets (Deep Learning) Plateau will be reached in:
Biochips Cerbon Nanotube @ less than 2 years
Smart Workspace lor Platform @ 2to5years
Brain-Computer Interface Virtual Assistants
@ 5to10years

Autonomous Mobile Robots .
Silicon Anode Batteries /A more than 10 years

Smart Robots.
Deep Neural Network ASICs. Blockchain
Al PaaS
Quantum Computing
Connected Home

Volumetric Displays
Self-Healing System Technology
Conversational Al Platform
Autonomous Driving Level 5

Autonomous Driving Level 4

Mixed Reality

Blockchain for Data Security
Neuromorphic Hardware

Graphs

Expectations

Artificial General Intelligence
Augmented Reality

Smart Dust
Flying Autonomous Vehicles
Biotech — Cuitured or
Artificial Tissue
As of July 2018
: Peak of
In?qvatlon Inflated D 1;10“'9" of Slope of Enlightenment pPIad(ea:| 9:
rigger Expeclallons isillusionment rodauctivity
—
Time




