NYU CENTER CENTER FOR ((//
FOR DATA

COSMOLOGY AND —
SCIENCE PARTICLE PHYSICS '

ACCELERATING PHYSICS

WITH ADVANCED, AUTOMATED WORKFLOWS

@KyleCranmer

New York University
Department of Physics
Center for Data Science
CILVR Lab



THE LAST 10 YEARS

Before pontificating on the next 10 years, let me share
experience with two projects over the last 10 years

e Collaborative Statistical Modeling
e Reinterpreting the searches for new physics at the LHC
Collaborations in High-Energy Physics have ~3000 people

e Microcosm tor science with sociological challenges tor
change



Searching for the Higgs required combining evidence from many sources.
Not a meta-analysis, but a single combined statistical analysis



COLLABORATIVE STATISTICAL MODELING

Technical solution sharing low-level likelihoods introduced c. 2010
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COLLABORATIVE STATISTICAL MODELING

Technical solution sharing low-level likelihoods introduced c. 2010



REPRODUCIBILITY PROBLEM

Not possible for others to reproduce results from paper.
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REPRODUCIBILITY PROBLEM

Not possible for others to reproduce results from paper.
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WHAT INFO TO SHARE AND HOW TO RETRIEVE IT

First step: publish likelihood scans for communicating LHC Higgs results.

http://doi.org/10.7484/INSPIREHEP.DATA.A78C.HK44
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LIKELIHOODS ON HEPDATA

Reproducing derived results from original paper!



MAKING IT STANDARD

10 years later: community embraces
oublishing likelihoods as a standard

e Moved to JSON schema







THEORY SERVICE
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BUILD IT AND THEY WILL COME

In 2010 we identified a use-case with

high scientific value for community
Lukas Heinrich

e Conservative narrative compared
to “open data”

 Not conservative enough for
many. Lots of resistance

e People said it couldn’t be done,
our workflows are too
complicated

e Hard to get effort to work on it.

Got lucky with an amazing student
that took a risk and just built it.

 Containers & Cloud technology

e 9years later ...

Orig Proposal in 2010: [arXiv.org:1010.2506]



https://arxiv.org/abs/1010.2506
https://arxiv.org/abs/1010.2506

SHIFTING FROM REPRODUCIBILITY TO REUSE

nature
physics

Corrected: Publisher Correction

PERSPECTIVE

https://doi.org/10.1038/541567-018-0342-2

Open is not enough

Xiaoli Chen'?, Siinje Dallmeier-Tiessen™, Robin Dasler'", Sebastian Feger'3, Pamfilos Fokianos',
JoseBenito Gonzalez', HarriHirvonsalo*", Dinos Kousidis', Artemis Lavasa', Salvatore Mele’,
DiegoRodriguez Rodriguez', Tibor Simko™, Tim Smith', Ana Trisovic">*, Anna Trzcinska',
loannis Tsanaktsidis', Markus Zimmermann', Kyle Cranmer®, Lukas Heinrich®, Gordon Watts?,
Michael Hildreth?, LaraLloret Iglesias®, KatiLassila-Perini* and Sebastian Neubert™

The solutions adopted by the high-energy physics community to foster reproducible research are examples of best practices
that could be embraced more widely. This first experience suggests that reproducibility requires going beyond openness.

http://reanahub.io

PERSPECTIVE NATURE PHYSICS
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Fig. 2 | Example of a complex computational workflow on REANA mimicking a beyond the standard model (BSM) analysis . This figure shows an
example where the experimental data is compared to the predictions of the standard model with an additional hypothesized signal component. The
example permits one to study the complex computational workflows used in typical particle physics analyses. a-¢, The computational workflow (a) may
consist of several tens of thousands of computational steps that are massively parallelizable and run in a cascading ‘map-reduce’ style of computations
on distributed compute clusters. The workflow definition is modelled using the Yadage workflow specification and produces an upper limit on the
signal strength of the BSM process. A typical search for BSM physics consists of simulating a hypothetical signal process (¢), as well as the background
processes predicted by the standard model with properties consistent with the hypothetical signal (marked dark green in (b)). The background often
consists of simulated background estimates (dark blue and light green histograms) and data-driven background estimates (light blue histogram).

A statistical model involving both signal (dark green histogram) and background components is built and fit to the observed experimental data (black
markers). b, Results of the model in its pre-fit configuration at nominal signal strength. We can see the excess of the signal over data, meaning that the
nominal setting does not describe the data well. The post-fit distribution would scale down the signal in order to fit the data. This REANA example is
publicly available at ref. *>. For icon credits, see Fig. 1.

https://doi.org/10.1038/s41567-018-0342-2


http://reanahub.io

Looking forward



K.C., J. Brehmer, G. Louppe [arXiv:1911.01429]

SIMULATION-BASED INFERENCE
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Many areas of science have simulations based on
some well-motivated mechanistic model.

Dim[x] per i.i.d. sample

A
However, the aggregate effect of many interactions
o between these low-level components leads to an
§ \ intractable inverse problem.
g\w Q&Q”&\o The developments in machine learning and Al have
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= %\\Oﬁ\% macroscopic divide & aid in the inverse problem.
\6@& e they can provide effective statistical models
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https://arxiv.org/abs/1911.01429

K.C., J. Brehmer, G. Louppe [arXiv:1911.01429]

SlMULATlON-BASED |NFERENCE arXiv:1805.12244
PRL, arXiv:1805.00013
physics.aps.org/articles/v11/90
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https://physics.aps.org/articles/v11/90
https://arxiv.org/abs/1911.01429

SYNTHESIS


https://github.com/cranmer/active_sciencing

QUESTION 1:

Where do you see opportunities in your domain to accelerate scientitfic discovery
through advanced and automated workflows? Could you give an example for
advanced and automated workflows in your area?

e Reuse of existing workflows (“pipelines”)

e Often workflow developed for one purpose can be used to address a different
use-case (eg. reinterpret the results of a search for some alternate theory)

e Streamline on-boarding by “forking” and “remixing” existing workflows

e Development of large-scale, multi-purpose experimental facilities. Think of a
meta-version of experimental design where same apparatus or facility (eg. LHC
experiments) is used for multiple scientific goals

e Difficult to iterate on a coherent Technical Design Report when baselines are
manually updated. Automation allows for quicker iterations with consistent

versioning
e Facilitate Simulation-based Inference & Active Learning

e Requires running computer simulation and down-stream analysis workflows

many times



QUESTION 2:

With regard to using automated workflows and data science tools, where
do you wish your field to be going in the next 10 years?

e Differentiable Programming (autodiff) & Probabilistic Programming

e Active learning / Reinforcement Learning / Control

e Simulation-based inference

e Containerization / Cloud-native / Functions as a service

e Direct Integration into literature system
What are major obstacles?

e Nay-sayers in positions of power. Tendency to be too general.
What does it take to get there?

e Persistence.

e Limit scope for specific use case at first. Build it and they will come!



QUESTION 3

What changes in funding, organizational, and incentive
structures would you like to see to realize the opportunities
in your domain?

e Need support for R&D aligned to a specific use-case

e |deally embedded in programs that provide base
support for “doing the science”

e ~1 or 2 technical FTE for 1-2 years has huge impact

The SCAILFIN Project

scailfin.github.io



