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Ingredients of an analysis

input : systematic
[samples }}X }X[ observables Jgg %[ variations J}Xl plots I

An analysis needs a matrix of operations to be configured and tracked.

The simpler the software can express this matrix, the easier the task for
the analyst.



An entry point to modern ROOT
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Inspecting (remote) data

df = ROOT.RDataFrame(
"Events”,
"root://eospublic.cern.ch//eos/root-eos/cms_opendata 2012 _nanoaod_skimmed/ZZTo2e2mu.root”

)
df.Display(["Electron_charge", "Electron_pt", "Muon_charge", "Muon_pt"]).Print()
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Inspecting (remote) data

i i

df = ROOT.RDataFrame(
"Events”,
"root://eospublic.cern.ch//eos/root-eos/cms_opendata 2012 _nanoaod_skimmed/ZZTo2e2mu.root”

)
df.Describe()

Columns in total
Columns from defines
Event loops run
Processing slots

Electron_charge 2 ::RVec<Int_t> Dataset
Electron_dxy i ::RVec<Float_t> Dataset
Electron_dxyErx e ::RVec<Float_t> Dataset
Electron_dz =k ::RVec<Float_t> Dataset
Electron_dzErr 2 ::RVec<Float_t> Dataset
Electron_eta o ::RVec<Float_t> Dataset
Electron_mass e ::RVec<Float_t> Dataset




First steps with RDF

TTree/TChain
RNTuple
csv
SQLite
Apache Arrow
Numpy/Awkward Arrays

e Open this dataset

e Make a cut

Variable
X*X + y*y

e C(Create a new variable

e Make histogram
e Save data to file



TTree/TChain
RNTuple
Ccsv
SQLite
Apache Arrow

Numpy/Awkward Array

Variable
X*X + y*y

First steps with RDF

e Open this dataset

Operations that change the
contents of the dataset

S

e C(Create a new variable

e Make histogram
e Save data to file



First steps with RDF

TTEEI\TQS‘:'" e Open this dataset
Ccsv
SQLite
Apache Arrow
Numpy/Awkward Arrays

[ ]

Operations that return some e Make a cut
result

ble e Create a new variable
XX TYy*y

foot e Make histogram
e Save data to file




First steps with RDF

df = ROOT.RDataFrame(dataset)

df = df.Filter("x > 0")\
Define("r2", "x*x + y*y")
rHist = df.Histo1D("r2")

df.Snapshot("newtree", "out.root")

e Open this dataset

e Make a cut
e C(Create a new variable
e Make histogram

e Save data tofile

10



First steps with RDF

df = ROOT.RDataFrame(dataset) e Open this dataset
| Cuts Derived quantities/observables
df = df.Filcer("x > O")\V e Make a cut
Define("r2", "x*x + y*y") e Create a new variable
rHist = df.Histo1D("r2") e Make histogram

df.Snapshot("newtree", "out.root") e Save data to file

11



First steps with RDF

df = ROOT.RDataFrame(dataset)

| Cuts Derived quantities/observables

Ny

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

rHist = df Histo  Users can inject arbitrary code at all steps, which makes
this relatively simple APl extremely versatile.

df.Snapshot("newtiee , out.rooc )

12



RVecs: working with collections

Cut+Variable+Histo: quick one-liner

h = df.Define("pt", "muon_ptlabs(muon_eta) < 2]").Histo1D("pt")

]

Compiled C++

RVecD selectPt(RVecD &pt, RVecD &eta) {
return pt[abs(eta) < 2];

J

auto h =df.Define("pt", selectPt, {"muon_pt", "muon_eta"})
Histo1D<RVecD>("pt");

See also the user guide 13


https://root.cern/doc/master/classROOT_1_1RDataFrame.html#collections

Re-defining values of observables

Dataset

Task:
e My dataset comes from some
external processing
e | want to rewrite values of a
certain observable/column
e The name for the observable
should stay the same

Redefine
obs=0bs*k

Save
modified
Data

14



Re-defining values of observables

df = ROOT.RDataFrame(

"Events”,
"root://eospublic.cern.ch//eos/root-eos/" Task:
"cms_opendata_2012_nanoaod_skimmed/ZZTo2e2mu.root" ask.
) o My dataset comes from some
external processing
df = df.Redefine( e | wantto rewrite values of a
"Electron mass", certain observable/column
"Electron mass*correction" e The name for the observable
) should stay the same

massHist = df.Histo1D("Electron_mass")

15



Re-defining values of observables

df = ROOT.RDataFrame(

"Events”,

"root://eospublic.cern.ch//eos/root-eos/"
"cms_opendata_2012_nanoaod_skimmed/ZZTo2e2mu.root"

)

. Use previous values to define new ones
df = df.Redefine(

"Electron_mass", y

"Electron_mass*correction” .
) Access updated observable with same name

massHist = df.Histo1D("Electron_mass")

16



Variables that depend on the sample

Dataset Task:

e | need to define the weight for
an observable

e The weight depends on
whether the sample is data or
simulation

weight

"MC":0.5
"data":1

17



Variables that depend on the sample

df.DefinePerSample(
"weight",
'rdfsampleinfo_.Contains("MC")?0.5: 1.
).Histo1D("value","weight")

df.DefinePerSample("weight",
[](unsigned slot, const RDF::RSamplelnfo &s) {
return s.Contains("MC")?0.5:1.;})
Histo1D("value","weight");

18



Dataset

Vary “pt”
[llu p"'"d Own"]

Histo
nominal

Systematic variations (1)

Task:

e | needtoinclude systematic
variations for one of my
observables

e Plot histograms: nominal and
varied

19



Systematic variations (1)

nominal_hx = (
df.Vary("pt", "RVecD{pt*0.9, pt*1.1}", ["down", "up"])

Filcer("pt > k")
.Define("x", someFunc, ["'pt"])
Histo1D("x")

)

hx = ROOT.RDF.VariationsFor(nominal_hx)

hx["nominal"].Draw()

hx["pt:down"].Draw("SAME")

20



Systematic variations (1)

nominal_hx =k

attach an up/down variation to “pt”

df.Vary("pt", "RVecD{pt*0.9, pt*1.1}", ["down

Filcer("pt > k")

.Define("x", someFunc, ["pt"])

Histo1D("x")
)
hx = ROOT.RDF.VariationsFor(nominal_hx)
hx["nominal"].Draw()
hx["pt:down"].Draw("SAME")

n n
1

up"])

21



Systematic variations (1)

attach an up/down variation to “pt”

nominal_hx =k
df.Vary("pt", "RVecD{pt*0.9, pt*1.1}", ["down", "up"])

Filcer("pt > k")

.Define("x", someFunc, ["pt"]) as if working with

Histo1D("x") nominal values
) only

proceed as usual,

hx = ROOT.RDF.VariationsFor(nominal_hx)
hx["nominal"].Draw()
hx["pt:down"].Draw("SAME")

22



Systematic variations (1)

attach an up/down variation to “pt”

nominal_hx =k
df.Vary("pt", "RVecD{pt*0.9, pt*1.1}", ["down", "up"])
Filter("pt > k")
Define("x", someFung, ["pt"]) as if working with

Histo1D("x") nominal values
) only
hx = ROOT.RDF.VariationsFor(nominal_hx)

hx["nominal"].Draw() Y~

hx["pt:down"].Draw("SAME") obtain all variations

proceed as usual,

23



Systematic variations (1)

attach an up/down variation to “pt”

nominal_hx =k
df.Vary("pt", "RVecD{pt*0.9, pt*1.1}", ["down", "up"])

Filter("pt > k) proceed as usual,

.Define("x", someFunc, ["pt"]) as if working with

Histo1D("x") nominal values
) only

hx = ROOT.RDF.VariationsFor(nominal_hx)

hx["nominal"].Draw() Y~

hx["pt:down"].Draw("SAME") obtain all variations

Variations automatically propagate to selections, derived quantities and results.

Only needed quantities are re-computed, all in one event loop. ”



Systematic variations (2)

Dataset

Task:
e | have to include variations for
different observables
e Plot again

Va ry llptll
[llu p","d OWn"]

Vary “eta”
[Mu p","d Oerll]

Histo Histo Histo Histo
. pt eta eta
nominal
down up down

Variations are applied one at a time

25



Systematic variations (2)

nominal_h = (
df.vVary("pt", "RVecD{pt*0.9, pt*1.1}", ["down", "up"])
Vary("eta", "RVecD{eta*0.9, eta*1.1}", ["down", "up"])
Histo2D("pt", "eta")

)

all_h =ROOT.RDF.VariationsFor(nominal_h)

Variations are applied one at a time:

the code above creates “universes” nominal, pt:down, pt:up, eta:down, eta:up.
26



Systematic variations (3)

Dataset

Task:
e Two observables vary together
in my analysis
e Plot again

Vary
[MJ et", IIM ETII]
[llu p"’"d OWn"]

Histo
Jet, MET

nominal

27



Systematic variations (3)

nominal_hx = df.Vary(
["Jet pt","Jet_mass","MET_pt","MET_phi"],
getJetMETVariations,
variationTags=["down", "up"],

variationName="JetMET"
).Filter("Jet_pt > 30").Histo1D("nJet")

hx = ROOT.RDF.VariationsFor(nominal_hx)
hx["nominal"].Draw()
hx["JetMET:down"].Draw("SAME")
hx["JetMET:up"].Draw("SAME")

Composability with the API allows for simple definition of complex observables 28



Interoperability with Pythonic arrays

TTree — RDataFrame — Numpy — RDataFrame — TTree

df = ROOT.RDataFrame("Events", "file.root") data ={"x": np.array(...), "y": np.array(...), ...}
np_arrs = df-Filter("x > 10").AsNumpy(["x", "y"]) = df = ROOT.RDF.FromNumpy(data)

Awkward arrays — RDataFrame — Awkward Arrays

df = ak.to_rdataframe( array = ak.from_rdataframe(

{'x" ak Array(), "y": ak.Array(), "z": ak.Array()}) df, columns=("Dimuon_mass"))

Related contributions at ACAT:
Poster by lanna Osborne
Talk by Manasvi Goyal 29


https://indico.cern.ch/event/1106990/contributions/4991288/
https://indico.cern.ch/event/1106990/contributions/4991252/

Fully Pythonic interface

Support for Python callables in RDF through Numba

Use external values in RDF event loop

k=10

rdf.Filcer(cutoff)

def select_pt(muon_pt, muon_eta):

return muon_pt[np.abs(muon_eta) < 2]
Python lambdas

rdf.Define("col_c", lambda a,b: a*b) h =df.Define("pt", select_pt).Histo1D("pt")
rdf.Define("col f", lambda d,e: d*e)

30



Easy dataset specification

# myspec.json

WIP on defining a common schema
for analysis frameworks

df =
ROOT.RDF.FromJSON("myspec.json")

{
"sample_a": {
"files": ["a.root","b.root"],
"metadata": {
"w"i1,, "xsec":21.3, "year":2017}
7
"sample_b": {
"files": ["fb*.root"],
"metadata”: {
"w":0.5, "type":"MC", "year":2018}
}
}

df.DefinePerSample(
"weight",
'rdfsampleinfo_.GetD("w")’

).Histo1D("value","weight")

31


https://github.com/root-project/root/issues/11624

From one core to many cores

import ROOT
ROOT.EnablelmplicitMT()
# Proceed with the rest of the analysis

32



From one node to many nodes

cluster = dask_jobqueue.HTCondorCluster(
n_workers=64, cores=32)

df = RDataFrame(dataset, daskclient=Client(cluster))

# Proceed with the rest of the analysis

... Also with your (Slurm, Spark, Kubernetes, AWS, bare metal) cluster
tutorial, docs, talk 33



https://root.cern/doc/master/distrdf002__dask__connection_8py.html
https://root.cern/doc/master/classROOT_1_1RDataFrame.html#distrdf
https://indico.cern.ch/event/1126235/#5-rdataframe-with-sparkdasketc
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https://www.researchsquare.com/article/rs-1908759/v2
https://arxiv.org/abs/2104.12615
https://arxiv.org/abs/2104.12615
https://arxiv.org/abs/2104.12615
https://link.springer.com/article/10.1007/s10586-022-03757-2

...ahd more

o [ransparentsupport for RNTuple, aka TTree 2.0 (faster, smaller) with no code
changes

e machine learning inference as part of the event loop (see recent talk about

SOFIE)

support for TTree chains, friends, indexed friends, TEntryLists

custom aggregations/results

automatic cut-flow reports

35


https://root.cern/doc/master/ntpl004__dimuon_8C.html
https://agenda.infn.it/event/28874/contributions/169214/
https://agenda.infn.it/event/28874/contributions/169214/
https://root.cern/doc/master/classROOT_1_1RDF_1_1RInterface.html#ac1b7fe6b530c21f7917d55afe059ae08
https://root.cern/doc/master/classROOT_1_1RDF_1_1RInterface.html#acac57f46fa563b5033d69142d6874424

Concluding remarks



Designed for you, with you

RDataFrame is a battle-tested, fast, versatile
interface for modern HEP analysis.

RDataFrame (and ROQT) keeps evolving,
in cooperation with the community.

With an ambitious plan of work, it is
critical to focus on the right features - with your help!

37



Where to find us

User support
Documentation root-forum.cern.ch

RDF user suide

Bug reports
github.com/root-project/root/issues

RDF tutorials

Development discussion

New ROOT manual mattermost.web.cern.ch/root

38


https://root.cern/doc/master/classROOT_1_1RDataFrame.html
https://root.cern/doc/master/group__tutorial__dataframe.html
https://root.cern/manual
https://root-forum.cern.ch/
http://github.com/root-project/root/issues
http://mattermost.web.cern.ch/root

[ BACKUP]
A note on performance



We care about performance. A lot.

RNTupleDS ~ Sum scalar branch
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https://github.com/root-project/rootbench

40


https://github.com/root-project/rootbench

We care about performance. A lot.
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https://github.com/root-project/rootbench
https://cds.cern.ch/record/2655457

We care about performance. A lot.
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https://github.com/root-project/rootbench
https://cds.cern.ch/record/2655457
https://indico.fnal.gov/event/23628/contributions/240608/

We care about performance. A lot.

,,,,,,, - —

Fully compiled C++ RDataFrame (ROOT@db6a9d62f) Coffea 0.7.12 (using chunksize=2**19)
query, 1x data (s), 10x data (s) query, 1x data (s), 10x data (s)
Q1 0.37 1.50 Q1 1.40 424
Q2 0.46 3.70 Q2 1.57 5.76
Q3 0.73 6.23 Q3 1.81 7.96
Q4 0.65 5.92 Q4 1.65 6.58
Q5 0.84 7.45 Q5 2.41 12.43
Q6 3.08 27.99 Q6 13.89 124.59
Q7 2.56 22.27 Q7 4.19 29.12
Q3 1.17 10.22 Q8 3.27 17.70

e note that these benchmarks are not representative of large analysis workloads
e seealso this ACAT talk by Nick Smith
Benchmark from github.com/nsmith-/coffea-benchmarks
Setup: AMD EPYC 7702P, using 48 physical cores, data read from filesystem cache

| —rrgrmuD.com/root-project/rootbench
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https://github.com/root-project/rootbench
https://cds.cern.ch/record/2655457
https://github.com/nsmith-/coffea-benchmarks
https://indico.cern.ch/event/855454/contributions/4605033/

We care about performance. A lot.

/NanoAOD events processed at 400 kHz )
when producing ~6k histograms. “turnaround of a few hours for O(100)
' plots (thousands of histograms) of the
zlib-compressed data read from local SSD CMS Run2 data on a batch system”
128 threads on 2x AMD EPYC 7742 -
\Z J
Hist Type Hist Config | Evt. Loop Total | CPUEff RSS .
ROOT THnD 10 x 103x5D |  59m39s | 74m05s 0.74 | 400GB /Processmg z4-compressed A
ROOT THnD 10 x 6D back 7m54s | 25m09s 0.27 | 405GB ROOT data at 2 GB/sec
ROOT THnD 10 x 6D front 13m52s | 30m27s 0.42 | 406GB
Boost (“sta”) 10 x 6D back 7m07s | 7ml7s 0.90 9GB .
Boost (“sta”) 10 x 6D front 3m22 | 3m33s 086 | ocs | 32 threadsrunningon AMD Ryzen
Boost (“sta”) | 10 x (5D + 1-tensor) 1mb4s | 2m04s 0.81 9GB Reading from a local NVME SSD disk
Boost (“sta”) 1 x (5D + 2-tensor) 1m32s | 1m42s 0.77 9GB \«« /
by Josh Bendavid

E—
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https://github.com/root-project/rootbench
https://cds.cern.ch/record/2655457
https://github.com/nsmith-/coffea-benchmarks
https://indico.cern.ch/event/855454/contributions/4605033/
https://indico.cern.ch/event/849610/
https://indico.cern.ch/event/948465/contributions/4324161/
https://indico.cern.ch/event/1127096/
https://indico.cern.ch/event/956442/#6-a-multicore-analysis-server

Fu
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128 1

\ ~CMs

Hist Type

ROOT THnD
ROOT THnD
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Running time
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Cost

ﬂ..the general-purpose
data processing systems are significantly

less performant than the

domain-specific ROOT framework—due to
limited scalability and

inefficient handling of the data and queries
relevant to HEP”

TREERIY

kGraur Muller, Proffit, Fourny, Watts et al, 2021/

AsterixDB
Athena
BigQuery

BigQuery
(pre-loaded)

Postgres
Presto
RDataFrames
RumbleDB

D Ryzen
SSD disk

We care about performance. A lot.

G
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https://github.com/root-project/rootbench
https://cds.cern.ch/record/2655457
https://github.com/nsmith-/coffea-benchmarks
https://indico.cern.ch/event/855454/contributions/4605033/
https://indico.cern.ch/event/849610/
https://indico.cern.ch/event/948465/contributions/4324161/
https://indico.cern.ch/event/1127096/
https://indico.cern.ch/event/956442/#6-a-multicore-analysis-server
https://arxiv.org/abs/2104.12615
https://arxiv.org/abs/2104.12615

We care about performance. A lot.
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Hist Type 20 / g N\
ROOT THnD 15 Pl 2 4
10n E N
ROOT THD | | & 10° rd S
ROOT THnD 2 1n o = ¢
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Boost (“sta”) 2 10 0 T 1 1 0 1 I 1
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1| See this paper
L IV ¥ IUY¥ oy a2 KumbleDDb
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https://github.com/root-project/rootbench
https://cds.cern.ch/record/2655457
https://github.com/nsmith-/coffea-benchmarks
https://indico.cern.ch/event/855454/contributions/4605033/
https://indico.cern.ch/event/849610/
https://indico.cern.ch/event/948465/contributions/4324161/
https://indico.cern.ch/event/1127096/
https://indico.cern.ch/event/956442/#6-a-multicore-analysis-server
https://arxiv.org/abs/2104.12615
https://arxiv.org/abs/2104.12615
https://link.springer.com/article/10.1007/s10586-022-03757-2

Performance: the bottom line

Given users' feedback and our own benchmarks,
RDataFrame enables fast turnaround for complex analysis use cases

RDataFrame scales well to many cores, many nodes, many histograms

Performance is always ongoing work: we are constantly looking for feedback/use cases
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Wide adoption from analysts

o Dorkmatter sensitivity study (Pani & Polesello, 2018)

e Distributed analvsis with RDatalrame in TOTEM (Avati et al., 2019)

e ATLAS: prototype xAOD data source
e ALICE: Apache Arrow support contributed by G. Eulisse

e FCC c developing analysis workilows based on RDF (see also the GitHub projech)

e Building block in [NEN analysis facility effort

e many users “in the wild”: 650+ threads tagged #rdataframe on the ROOT forum, about
the same as #tree and #hist
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https://www.sciencedirect.com/science/article/pii/S221268641830030X?via%3Dihub
https://cds.cern.ch/record/2655457
https://indico.cern.ch/event/995850/timetable/#89-fccanalysis-tools-and-algor
https://github.com/HEP-FCC/FCCAnalyses
https://indico.cern.ch/event/1120508/#2-infn-af-demo
https://root-forum.cern.ch/search?q=%23rdataframe%20
https://zenodo.org/record/1303038#.WzoSdHYzZNw

Some examples of analysis software based on RDataFrame

e bamboo (recent talk)

o KIT's CROWN (recent talk)

e W mass analysis framework

e [ 00pSUSYFrame ATLAS analysis tool

e ("Latinos” CMS framework planning transition to RDE)

e narf(recent talk)

Feedback (and code) from users regularly integrated upstream (thank you!)
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https://indico.cern.ch/event/948465/contributions/4324161/
https://indico.cern.ch/event/1129451/#1-bamboo
https://github.com/KIT-CMS/CROWN
https://indico.cern.ch/event/1146266/#1-crown
https://indico.cern.ch/event/849610/
https://gitlab.cern.ch/atlas-phys-susy-wg/Common/LoopSUSYFrame
https://indico.cern.ch/event/984382/
https://github.com/bendavid/narf
https://indico.cern.ch/event/1146332/#1-interoperability-performance

