
Lukas Heinrich (CERN), DESY Colloquium

HEP in the Cloud Computing 
and Open Science Era

1



Our job: extract as much information from experimental data

p(theory|data) = p(data|theory)
p(data)

p(theory)
<latexit sha1_base64="8pGQ8zVCJJKVDGsAQuOsMEq+zOQ=">AAACV3icbVHLTgIxFO0MiIgv0KWbRmICGzKDJroxIbpxiYk8EiCkUzrQ0OlM2jsmZJifNG74FTdaHkYFb9Lk9Jxz29tTLxJcg+MsLDuT3cvt5w8Kh0fHJ6fF0llbh7GirEVDEaquRzQTXLIWcBCsGylGAk+wjjd9XOqdV6Y0D+ULzCI2CMhYcp9TAoYaFmVU6QcEJipIYMJCNUvn3/sRAZJW8T3u+4rQ5Me4EuZbbdV021FNd86uDotlp+asCu8CdwPKaFPNYfGtPwppHDAJVBCte64TwSAhCjgVLC30Y80iQqdkzHoGShIwPUhWuaT4yjAj7IfKLAl4xf7uSEig9SzwjHM5p97WluR/Wi8G/26QcBnFwCRdX+THAkOIlyHjEVeMgpgZQKjiZlZMJ8SkCOYrCiYEd/vJu6Bdr7nXtfrzTbnxsIkjjy7QJaogF92iBnpCTdRCFL2jDytjZa2F9Wnn7PzaalubnnP0p+zSF1qPuC4=</latexit>

Big Picture Goals

hep-ex hep-ph/hep-thwhat we want
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Big Picture Goals
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Our job: extract as much information from experimental data 

• What's the best way to do this in our Big Science setting? 
• How can we collaborate best across theory-experiment divide?

Big Picture Goals

p(theory|data) = p(data|theory)
p(data)

p(theory)
<latexit sha1_base64="8pGQ8zVCJJKVDGsAQuOsMEq+zOQ=">AAACV3icbVHLTgIxFO0MiIgv0KWbRmICGzKDJroxIbpxiYk8EiCkUzrQ0OlM2jsmZJifNG74FTdaHkYFb9Lk9Jxz29tTLxJcg+MsLDuT3cvt5w8Kh0fHJ6fF0llbh7GirEVDEaquRzQTXLIWcBCsGylGAk+wjjd9XOqdV6Y0D+ULzCI2CMhYcp9TAoYaFmVU6QcEJipIYMJCNUvn3/sRAZJW8T3u+4rQ5Me4EuZbbdV021FNd86uDotlp+asCu8CdwPKaFPNYfGtPwppHDAJVBCte64TwSAhCjgVLC30Y80iQqdkzHoGShIwPUhWuaT4yjAj7IfKLAl4xf7uSEig9SzwjHM5p97WluR/Wi8G/26QcBnFwCRdX+THAkOIlyHjEVeMgpgZQKjiZlZMJ8SkCOYrCiYEd/vJu6Bdr7nXtfrzTbnxsIkjjy7QJaogF92iBnpCTdRCFL2jDytjZa2F9Wnn7PzaalubnnP0p+zSF1qPuC4=</latexit>

hep-ex hep-ph/hep-thwhat we want
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1. The data is large: 

At a project level: 

LHC: 1 EB today, O(30) EB HL-LHC (?) 
LSST: O(1) EB 
SKA: O(0.5) EB/year  

At an analysis level: 

routinely O(100) TB that analysis teams 
process as a small group - will be O(PB) 
• how do we maintain explorative research?

Three Challenges of Big Science

[LHC Projections]
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2. The data is unique: 

There is only one LHC / LSST / SKA / ... 
• What data products are released to the public? 
• How do we ensure rigorous analysis if public? 

Three Challenges of Big Science

Square Kilometer Array Robin Observatory / LSST LHC
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3. The data is complex: 

In HEP: 
• complex generative history across many energy scales 
• heterogeneous detectors (not a single 100Mpx sensor / image) 

Three Challenges of Big Science

p(zp|✓)
<latexit sha1_base64="MkMF2xZCe6xW09RuBMs/uenQRL8=">AAAB9HicbVBNSwMxEM36WetX1aOXYBHqpexWQY9FLx4r2A9ol5JNs21oNhuT2UJd+zu8eFDEqz/Gm//GtN2Dtj4YeLw3w8y8QAluwHW/nZXVtfWNzdxWfntnd2+/cHDYMHGiKavTWMS6FRDDBJesDhwEaynNSBQI1gyGN1O/OWLa8Fjew1gxPyJ9yUNOCVjJV6XHrnrqwIABOesWim7ZnQEvEy8jRZSh1i18dXoxTSImgQpiTNtzFfgp0cCpYJN8JzFMETokfda2VJKIGT+dHT3Bp1bp4TDWtiTgmfp7IiWRMeMosJ0RgYFZ9Kbif147gfDKT7lUCTBJ54vCRGCI8TQB3OOaURBjSwjV3N6K6YBoQsHmlLcheIsvL5NGpeydlyt3F8XqdRZHDh2jE1RCHrpEVXSLaqiOKHpAz+gVvTkj58V5dz7mrStONnOE/sD5/AGTvZH4</latexit>

<latexit sha1_base64="iXoZoJqoi8P6UtQQk6uUMdgUzxs="></latexit>

p(x|zd, ✓sensor)
<latexit sha1_base64="S0JXuA6cQ5VgSlelfMvmb9bvp7g="></latexit>

p(zd|zh, ✓geom)
<latexit sha1_base64="JD8O75Nx4IjYldl8l+EQGQKLkDc="></latexit>

p(zh|zp, ✓pQCD)
<latexit sha1_base64="eAik0qv1wsWN0bnOR5vOGtQf5EY=">AAACKnicbVBLTsMwFHTKr5RfgCWbiAqJVZQgBCwr2LAsEv1ITRQ5jtNatZ3IdhAl6i04BidgCydgV7GFe+C0WfTDSJbmzXtPbzxhSolUjjMxKmvrG5tb1e3azu7e/oF5eNSWSSYQbqGEJqIbQokp4biliKK4mwoMWUhxJxzeFf3OExaSJPxRjVLsM9jnJCYIKi0Fpu0RQriyPAbVQLA8Gr8E0XwxmC/SwKw7tjOFtUrcktRBiWZg/npRgjKGuUIUStlznVT5ORSKIIrHNS+TOIVoCPu4pymHDEs/n/5rbJ1pJbLiROinPU7V+Y0cMilHLNSThUm53CvE/3q9TMU3fk54minM0exQnFFLJVYRkhURgZGiI00gEkR7tdAACoiUjnLhyvPMqs7FXU5hlbQvbPfKdh4u643bMqEqOAGn4By44Bo0wD1oghZA4BW8gw/wabwZX8bE+J6NVoxy5xgswPj5A93eqhU=</latexit>ZZZ

dzddzhdzp
<latexit sha1_base64="wLMhPZcjphh5mZqD+Qtb47sVtuI="></latexit>

p(x|✓, ✓nuis) =

high-dimensional 
integrals: needs MC 7



3. The data is complex: 

• analysis heavily simulation-driven 
• heavy reconstruction from raw → physics data 
• exceeds data volume & resources of actual data 
• extremely software-reliant (O(M) LoC)  

Analyzing any part of the data is very expensive human resources-wise: 

• can we prioritize human time over computing? → interactive analysis 
• if we invest so much? → how do we exploit these analyses maximally?

Three Challenges of Big Science

Experiment 
Software

Analysis 
Software
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Technical: 

1. Machine Learning 
• powerful & creeps into every aspect of scientific workflow  
• raises questions of how analysis details are disseminated  (th ↔ ex) 

2. Cloud Computing & Heterogeneous Future Present 
• anybody can get access to vast amounts of compute 
• new requirements on hardware / software (GPU, CPU, TPU, Dataflow,...) 

can we use these to create new ways 
to push our science forward?

Trends
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Political: 

1. Open & FAIR Data 
• publicly funded research must be accessible 

2. Reproducibility 
• Uniqueness of data & analysis → special responsibility 

But how does this work at Big Science scale? 
• usually not focus of those discussions. 
• are there useful ways to interpret these buzzwords? 

Trends
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(Open) Data Analysis at LHC Scale
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Significant Development in HEP 

All LHC Experiments agree to  
release data publicly. 

including software to analyze rigorously 
• (e.g. systematic uncertainties) 

Intent: 
• foster more interdisciplinary collaboration 

(e.g. ML, Theory, cross-experiment R&D, ... )  

Open Data
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New paradigm for HEP, we're learning. 

CERN: 
• develop supporting cyberinfrastructure 

(Open Data Portal, Zenodo) 

Experiments: 
• how to release data to outsiders 

Theorists: 
• develop data analysis expertise 
• own ecosystem  of tools

Open Data: a growing Ecosystem

[ATLAS OD]

[CMS OD] / [Thaler et al.]Can you scale to realistic analysis?
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Anatomy: 

• 70TB / 25k files 
• Data, Background + Signal Simulation 
 

• C++ based data analysis (CMSSW) 
(event selection + feature comp) 

The physics is there: 
but requires large-scale compute 

Question: How quickly can we analyze the data? 
[A. Geiser, N. Jomhari]

Benchmark Example: CMS Open Data Higgs → 4l Analysis 
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Benchmark Example: CMS Open Data Higgs → 4l Analysis 

Answer: 5 minutes with cloud computing techniques → >1Tbps throughput 
Fast enough to do 70TB analysis in real-time. 

• Open Data as a tool for R&D to develop 
interactive analysis systems @ HL-LHC 

(slightly sped-up version)[KubeCon 2019] [R. Rocha (CERN IT), LH (ATLAS), C. Lange (CMS) ]15



25k files → 25k cores across 10 clusters 

Uses Kubernetes to schedule work 
• cluster system originated in Google 
• can handle service, batch, interactive work 
• containers: easy to deploy HEP s/w 

Cloud characteristic: only CPUh matters 
• 25k CPU @ 5 minutes = 8 CPU @ 10d 

(not true for physicist-hours, try to minimize time to do physics) 

• individual user can get this on-demand 
(as long as you can pay) 

Setup

Storage 70 TB (S3)

Cloud-native Clusters (25k cores)

Fast DB for intermediate results (Redis)

Interactive Visualization (Jupyter)

C++

ROOT

JSON

x 25k
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• push to go beyond standard batch/grid picture 
→ Analysis Facilities / Science Platforms (cf: PUNCH4NFDI / IRIS-HEP) 

• crucial for maintaining physics-driven/explorative data analysis 
at next phase of physics experiments: technology choices matter.  

Bringing the technology to HEP

[Megino et al]

[Banek et al]

[Adamec et al]
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In production: 
• Grid-scale ML on GPUs (ATLAS) 
• WLCG for volunteer computing 

(folding@home, 50k cores) 

Key: Containers allowing user-defined s/w environment 

Bringing the technology to HEP

A Forti, M Guth, D Guest, C Pollard, LH

A Forti, D. South, I. Glushkov, R. Walker, M. Lassnig, LH18



Is dumping PB of data open enough?
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Beyond Open Data

Open Data: with great freedom comes great responsibility 
• allows looking at uncovered corners of the dataset (comp. feasible) 
• but: cost of developing an analysis in full rigour is enormous 

Are there other ways data can be "open"? 
→ instead of the source data, release the result data 

What should we release? 

• many types of results 
 
Event Counts, post-fit parameters 
p-value scans, .... 
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Remember:

p(theory|data) = p(data|theory)
p(data)

p(theory)
<latexit sha1_base64="8pGQ8zVCJJKVDGsAQuOsMEq+zOQ=">AAACV3icbVHLTgIxFO0MiIgv0KWbRmICGzKDJroxIbpxiYk8EiCkUzrQ0OlM2jsmZJifNG74FTdaHkYFb9Lk9Jxz29tTLxJcg+MsLDuT3cvt5w8Kh0fHJ6fF0llbh7GirEVDEaquRzQTXLIWcBCsGylGAk+wjjd9XOqdV6Y0D+ULzCI2CMhYcp9TAoYaFmVU6QcEJipIYMJCNUvn3/sRAZJW8T3u+4rQ5Me4EuZbbdV021FNd86uDotlp+asCu8CdwPKaFPNYfGtPwppHDAJVBCte64TwSAhCjgVLC30Y80iQqdkzHoGShIwPUhWuaT4yjAj7IfKLAl4xf7uSEig9SzwjHM5p97WluR/Wi8G/26QcBnFwCRdX+THAkOIlyHjEVeMgpgZQKjiZlZMJ8SkCOYrCiYEd/vJu6Bdr7nXtfrzTbnxsIkjjy7QJaogF92iBnpCTdRCFL2jDytjZa2F9Wnn7PzaalubnnP0p+zSF1qPuC4=</latexit>

Likelihood Principle: 
Full experimental information captured in the likelihood ! 

• all analysis details are reflected in it 
• most other types of results are derived from it.  

Best, almost lossless summary of the 
measurements performed by a data analysis 

p(x |θ)

CP Ops Analysis 

Likelihood

Limits Measurements
Data/MC plots

Yield Tables
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• preserve the likelihood! 
• universal concept applicable to a broad set 

of experiments (also beyond HEP)

1st PHYSTAT workshop: 
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How do we archive likelihoods? 

Not straightforward:  
 could by anything! (Open World) 

Obvious Candidate: RooFit workspaces 

• Key development in early LHC stats 
• designed as "sharable data product" 

But: 
• opaque, binary format 
• tied to specific data analysis tool 

p(x |θ)

Likelihoods

[K. Cranmer @ DESY 2010]
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Likelihoods

 could by anything... but in reality they're not! 

For LHC a very large fraction of analyses use standardized binned likelihood  
functions built from data counts + simulation-derived templates

p(x |θ)

SM SUSY Exotics

ATLAS: HistFactory 
CMS: HiggsCombine
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Fixed Template (Closed World) 
simplifies likelihood problem: 

• archive template ingredients 
(pure tabular data) 

• template math defined independent 
of implementation - not tied to s/w

HistFactory

+

=

Fixed Likelihood template

Likelihood ingredients

25

Nominal

Systematic 
Variations

observed Expected Bkg ...  Signal

}



Statistics tool with likelihoods as 
vectorized computation based on ML libraries  
• run on heterogenous hardware (TPU, GPU) 
• automatic differentiation for exact  

Full suite of HEP inference algorithms 
• Profile Likelihood, Asymptotics & Toys

∇θ p(x |θ)
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pyhf - fast, pythonic HistFactory

[LH, Feickert, Stark]26



pyhf - fast, pythonic HistFactory

Nice: 
• adoption across theory-experiment divide 
• developed at LHC, but used in larger range of settings

arXiv: 2012.09120

LHC QCD

LHC BSM

FCC

EIC

µ-Collider
arXiv:2102.11292

arXiv: 2002.05684

arXiv: 1911.04455

arXiv: 2102.06176
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Plain-text format for HEP Workspaces 
(for those using HistFactory template) 

Ubiquitous format: JSON 
• readable in any language 
• independent of s/w implementation 

Ideal for long-term archival of likelihoods 
→ as promised in 2000 

pyhf byproduct: JSON serialization

[LH, Feickert, Stark]

Nominal

Systematic 
Variations

observed Expected Bkg ...  Signal

}

28



ATLAS first experiment to publish full likelihood 
• stored on public archive as citable data product: HepData DOI 
• continuation of long-term effort (cf. simplified l'hoods in CMS) 
• best information we have even within experiment 

full set of systematics → global fits / combinations / ...

Likelihood Preservation in ATLAS

[Symmetry Mag] 

[N. Wardle et al]

29

https://www.symmetrymagazine.org/article/atlas-releases-full-orchestra-of-analysis-instruments
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Let's reproduce this result! 
Two separate measurements: 

1. 3 Signal region + 6 Control regions 
59 source of system. uncertainties 
8 Source of Background events 
 

2. 4 Signal region + 5 Control regions 
66 source of system. uncertainties 
8 Source of Background events 

Theory: 130 SUSY models 
 
Measurements overlap: 
take most sensitive result 

31



CLs(θ)

Demo: reproduce full contour (260 CLs) 
for simplified SUSY model using cloud APIs 
• auto-scaling, distributed statistics

L(θ, θnuis) = p(xobs |μs(θ) + b(θnuis))

send likelihood

get results

32

User Session Cloud Fitting Service

scale 
up & 

down



Demo
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(Cost: 0.05$)
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pyhf - with functions as a service

As with Higgs example: 

• Open Data provides access to LHC data: but now a more refined product.  
• can offload heavy computation to cloud - cost only per CPUh 

scale to hundreds of (private) cores within seconds 
• Here: "Fitting-as-a-service": user only needs a URL 

can optimize hardware for stat. analysis. 

Related: ML-as-service 

• Investigated for fast FPGA-based 
inference (Trigger, Reco, ...)

Dylan Rankin  
(hls4ml)

[J.Ngadiuba, D. Rankin]35



Hold on, why so restrictive? 
(just reproducing things is boring)
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Did we over-correct from Open Data? Open Likelihood is great for 
• reproducing results 
• combination with other measurements wrt. to same theory ("global fits") 
→ but not enough to study new theories 

Reinterpretation
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Main Concern creating new analyses 
internally & externally (w/ Open Data) 
 
Human resources for 
• analysis design 
• background estimation 
• systematic analysis 

Reinterpretation

Phasespace

Ideal analysis for new theory

captures signal fully while 
filtering other events

Can we maybe reuse the analysis we already have? 
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Increasing coverage of data space 
as LHC progresses. 

It's likely that a analysis already 
did all the hard work for us 

Not optimized for new theory 
but can be quite sensitive 

Reinterpretation

 

  

Eur. P
hys.

 J. C
 80 (2020) 1080

JHEP 10 (2020) 062

Eur. Phys. J. C 81 (2021) 11

JHEP 02 (2021) 143

Phys. Rev. D 101 (2020) 072001

Phasespace

39

https://links.springernature.com/f/a/YZm7KHa4-Hz-M7Oc3NFs0g~~/AABE5gA~/RgRiHAvlP0QwaHR0cDovL3d3dy5zcHJpbmdlci5jb20vLS8wL0FYZmwzVWFKRjJmd1B0OVNXalB0VwNzcGNCCmA3Zdg6YNu04t5SGmF0bGFzLnB1YmxpY2F0aW9uc0BjZXJuLmNoWAQAAAbn
https://link.springer.com/article/10.1140/epjc/s10052-020-08730-0?wt_mc=Internal.Event.1.SEM.ArticleAuthorIncrementalIssue&utm_source=ArticleAuthorIncrementalIssue&utm_medium=email&utm_content=AA_en_06082018&ArticleAuthorIncrementalIssue_20210117
https://link.springer.com/article/10.1140/epjc/s10052-020-08730-0?wt_mc=Internal.Event.1.SEM.ArticleAuthorIncrementalIssue&utm_source=ArticleAuthorIncrementalIssue&utm_medium=email&utm_content=AA_en_06082018&ArticleAuthorIncrementalIssue_20210117


Reinterpretation

remove Expected Bkg Signalobserved Expected Bkg Signal

(optimized for model A)

Signal Region

(recast to model B)

Signal RegionRECAST:
• remove old signal
• compute new signal
• inject into likelihood
• run stat. analysis

CLs = 0.03
CLs = 0.05 

remove add

"Likelihood Patch" 
from RECAST "Recasted Likelihood""Original Likelihood"
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More Physics through Analysis Preservation

Simple/Obvious Idea: whats the problem? 

• Need to be able to compute new signal component 
• Need an archived, but operational version of the analysis 
• ready to be re-run if needed 

• "reuse" much more powerful than "reproducibility" 

new 
signal

Stat. 
Analysis

Event 
Selection

Det. Sim. +  
Reco Stat 

Result
Signal 
Generation

New 
Model

Analysis PreservationSignal Preparation

=
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More Physics through Analysis Preservation

Analysis Preservation 

In ATLAS, we provide common infrastructure to make this easy 
• automation for software archiving via containers 
• workflow language to capture physics logic 
• requirement now for across BSM program 

Similar efforts across many data-intensive sciences:

capture scripts capture workflowcapture software

package software 
itself in system-indep 
format (all dep.)

templates how to use 
the software

correct sequence of steps 
for analysis pipeline

x

y = f(x)

ai = hi(x, y)

z = u(a1, a2, a3)
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More Physics through Analysis Preservation

From Cartoon to reality:

[P. Gadow (DESY) et al]

43
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More Physics through Analysis Preservation

Used in cross-cutting summary analyses w/ multiple analyses 
• Dark Matter models at the LHC 
• SUSY reinterpretations

arxiv:1508.06608

[K. Behr, P. Pani (DESY) et al]

arxiv:1903.01400

RPV SUSY

pMSSM

Mediator DM
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Institutional Support

CERN investing in infrastructure to systematically 
archive and re-run analyses on using cloud technologies 

Archive Re-run
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Future

Once we gain experience: Open Data at a higher abstraction level 
• allow external researches to query LHC wrt. to new theories 

workflow 
f( ⋅ , data)

data

data

data

EB Data 
Archive

analysis 
archive

CERN/DESY/...Theorist

?

CLs(model) = f(model, data)

BSM model

data

compute 
resources
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Future

Theory space is large, LHC is not sensitive everywhere. 
With streamlined reinterpretation, use ML to identify interesting models 

Now being tested in ATLAS - stay tuned! 

[LH, G. Louppe]

[P. Rieck, P. Gadow, J. v. Ahnen, I. Espejo +]
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Outlook

HEP & other big science have unique challenges due to scale 

Recent trends in IT, Data Science, ML bring us new tools 
• possibility to fundamentally rethink how we approach analysis 
• foundation of HL-LHC analysis & computing is defined now (join!) 
→ PB-scale interactive analysis? 

• Technology can drive physics reach  

Open Data, Reproducibility: How can we fill the buzzwords with life? 
• LHC-wide policy: growing community & ecosystem of external tools  
• Open Likelihoods: release the best info we have 
• RECAST: reuse vs just reproduce
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