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Dask for HEP distributed computing Exploiting an HPC cluster
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e Minimal changes when moving from local to distributed

o Configuration of connection to scheduler 20
o Main workflow remains the same
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from ROOT import RDataFrame import ROOT
RDF = ROOT.RDF.Distributed.Dask.RDataFrame ® HPC ClUSter tests (32 cores per nOde)
Qmporting RDataFrame Y. .
= = o OpenData NanoAOD analysis with
df = RDataFrame( from dask.distributed import Client . :
'treename', ‘filename.root') df = RDF( dIStrIbUted RDataFrame
'treename', ¢filename.root!, o Running Dask computations as Slurm jobs
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df2 = df.Filter(...).Define(...) subsequent runs (hot) achieve even higher
hl = df2.HistolD(...) throughput
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Transparent caching on object stores Task execution optimization
e R&D on caching input data with RNTUple :
e Cachingindependent of the final storage system e Distributed RDataFrame tasks e Weeion
e Read a remote POSIX file and cache it to a fast object store rely heavily on just-in-time : Hore
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e High throughput achieved with DAOS: 24 GB/s with 48 cores largely improves task o
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Analysi.s Result GenerateWorkflow(RNode &headnode) {
computations dataset ’ auto df1 = headnode.Filter("x > 0");
auto resl = df1.Histol1D("x");
= .
rdfworkflow_XYZ_cxx.so )

(b): reading from the cached RNTuple
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