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ROOT: a foundation library
➔

◆

➔

http://acceleratingnews.web.cern.ch/content/recent-progress-hilumi-project-0
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➔ simple programming model

➔

easy to use correctly 

➔ transparently benefit from parallelism

learn from the data science industry

RDataFrame

A recipe for efficient HEP analyses

https://doi.org/10.5281/zenodo.260230
https://root.cern/doc/master/classROOT_1_1RDataFrame.html
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An ergonomic, fast C++ dataframe

ROOT::EnableImplicitMT();
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An ergonomic, fast C++ dataframe

ROOT::EnableImplicitMT();

ROOT::RDataFrame df(dataset);

auto df2 = df.Filter("x > 0")

  .Define("r2", "x*x + y*y");

auto rHist = df2.Histo1D("r2");

df2.Snapshot("newtree", "out.root");

x > 0

r2 = x² + y²

r2

r2

Lazy execution one event loop
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Analyses as computation graphs

ROOT::EnableImplicitMT();

ROOT::RDataFrame df(dataset);

auto df2 = df.Filter("x > 0")

  .Define("r2", "x*x + y*y");

auto rHist = df2.Histo1D("r2");

df2.Snapshot("newtree", "newfile.root");

filter

x > 0

define
r2 = x² + y²

data
x, y

histo
r2

ROOT file
x, y, r2



RDataFrame design goals
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Range
Filter

Define

➔
➔

➔

Datasource



Design principles
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transparent optimisations

high level interfaces

declarative programming

transparent optimisations
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Design principles

16

declarative programming

thread-safety and code correctness

small reusable components

functional programming

transparent optimisations

high level interfaces
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No templates: C++ →  JIT → python

d.Filter([](double t) { return t > 0.; }, {"th"})
.Snapshot<vector<float>>("t","f.root",{"pt_x"});

C++
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d.Filter([](double t) { return t > 0.; }, {"th"})
.Snapshot<vector<float>>("t","f.root",{"pt_x"});

d.Filter("th > 0").Snapshot("t","f.root","pt_x");

C++ with cling’s just-in-time compilation

C++

No templates: C++ →  JIT → python
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d.Filter([](double t) { return t > 0.; }, {"th"})
.Snapshot<vector<float>>("t","f.root",{"pt_x"});

d.Filter("th > 0").Snapshot("t","f.root","pt_x");

C++ with cling’s just-in-time compilation

C++

PyROOT, automatically generated python bindings

d.Filter("th > 0").Snapshot("t","f.root","pt_x")

No templates: C++ →  JIT → python



Case study: ATLAS SUSY ntuple → ntuple

20syst #2 syst #60systematics #1
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Case study: ATLAS SUSY ntuple → ntuple
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High-level customization points: RDataSource
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➔ third parties seamlessly integrate



23

➔ can read non-ROOT data

➔ third parties seamlessly integrate

➔

➔

High-level customization points: RDataSource

https://root.cern/doc/master/classROOT_1_1RDF_1_1RCsvDS.html
https://root.cern/doc/master/classROOT_1_1RDF_1_1RArrowDS.html
https://github.com/bluehood/mdfds
https://gitlab.cern.ch/uworlika/xaod-ds/tree/master
https://zenodo.org/record/1303038#.WzoSdHYzZNw
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➔ can read non-ROOT data

➔ third parties seamlessly integrate

➔

➔

same code independently of the data format

High-level customization points: RDataSource

https://root.cern/doc/master/classROOT_1_1RDF_1_1RCsvDS.html
https://root.cern/doc/master/classROOT_1_1RDF_1_1RArrowDS.html
https://github.com/bluehood/mdfds
https://gitlab.cern.ch/uworlika/xaod-ds/tree/master


RDataFrame’s parallelization scheme
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➔
➔ cannot overcommit
➔ avoid redundant decompressions
➔ Intel TBB
➔ RDF parallel writing

Task-based parallelism

Thread 1

Thread 2

https://indico.cern.ch/event/587955/contributions/2938149/


Does it scale? Is it fast?
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No disk reads, KNL, 64 physical cores Read speed on SSD, 4 physical cores @ 3.6GHz

https://indico.cern.ch/event/567550/contributions/2628878/
https://indico.cern.ch/event/607855/
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Does it scale? Is it fast?
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Read speed on SSD, 4 physical cores @ 3.6GHzNo disk reads, KNL, 64 physical cores

https://indico.cern.ch/event/567550/contributions/2628878/
https://indico.cern.ch/event/607855/
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No disk reads, KNL, 64 physical cores Read speed on SSD, 4 physical cores @ 3.6GHz

https://indico.cern.ch/event/607855/
https://indico.cern.ch/event/567550/contributions/2628878/


Summary, outlook
➔ modern, high-level, type-safe, parallel

➔ RDataFrame
◆
◆
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Summary, outlook
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For the future

➔
➔ distributed execution of RDataFrame analyses

➔
➔

➔ modern, high-level, type-safe, parallel

➔ RDataFrame
◆
◆

https://github.com/shravan97/PyRDF

