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Three major themes

Tracking Accelerators
* Requires the largest * Rapid growth in terms | ° Exploit major advances
fraction of CPU during of power and in ML
reconstruction availability of hardware + Apply new ML
 New algorithms with accelerators techniques to HEP
* Better efficiency * Reco applications on| . New applications of
accelerators HEP in ML
* Reduced
computational cost * ML on accelerators * ML on accelerators




Projects and Themes

Accelerated GNN Tracking

accel-gnn-tracking
More information

GPU Trigger Project

Allen: a GPU trigger for LHCb
More information

PV-Finder

PV-Finder

CNNss to find primary vertices
‘ More information

® Azure ResNet-50 GPU
A TF ResNet-50 GPU
¥ TF ResNet-50 GPU (train)

Accelerators and ML for
reconstruction

Accelerated calorimeter
reconstruction using Machine
Learning as a Service

‘ ‘ More information

charged particle
Hit " Mini-doublet

double-layered

“Pr module” Segment

Line-Segment tracking

Segment linking tracking for
CMS

. ‘ More information

o
Tracking

/.A

ait

ACTS

Development of experiment-
independent, thread-safe track
reconstruction.

More information

ML4Jets

Machine Learning for jets

Machine learning for jets
More information

O
Accelerators

exploratory-mli

Analysis Reinterpretation
More information

l

=:>$4>$4>$=:>*

>3=9= =4
sl

mkFit

Modernizing Kalman filter
tracking for CMS
. More information

O
Machine Learning



Tracking Highlights: Maturing Projects

Performance on
CMS Run-3
detector

Seeding
performance on

ATLAS ITk
detector

Track building efficiency for sim tracks with P, > 0.9 GeV

Efficiency

Parallelized and vectorized Kalman Filter tracking

Track building efficiency vs. sim track P,
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Tracking Highlights: Newer projects

ML evolutionary algorithms to automatically tune algorithm parameters
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Accelerators Highlights

Full HLT | trigger reconstruction and selection on GPUs adopted by LHCb in Run-3

Quadro RTX 6000 (GPU)

Geforce RTX 2080 Ti (GPU)

Tesla V100 32GB (GPU)

2x AMD EPYC 7502 (CPU)

2x Intel Xeon Broadwell 2630 (CPU)

LHCb

0 20 40 60 80 100 120 140 160
Allen throughput (kHz)

Allen: A high level trigger on GPUs for
LHCDb, R.Aaij et. al., Comput.Softw.Big Sci.

47 (2020) (19 Dec 2019)

Graph Neural Network (GNN) tracking algorithms on FPGAs

) 10_ 'o\_o' g "= - | A =
=) [ — 200}~ =

B ] > 28 nodes, 37 edges
5 i - —— LUT 1

0.8 /112 nodes, 148 edges ~ —— BRAM

L —e— hls4ml| ! 50} —— FF —
0.7f-¢ --- Expected (0.983) - Bl =il =R
I S S 0—?’2 = | -
10 15 20 10 15 20

Total bit precision

Total bit precision
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Accelerators Highlights

CMS hadronic calorimeter with GPU trigger

~0an \Nv v

" S CMS Simulation Pratiminary
L opin + Mahi SRR I E
0.9 -;? ;” P " : -« Mabhi :
ALGO Throughput 08 Aoaponse coracied ot ‘ e ;AM.%A Riun%pszL '+ FACILE |
o7 i “  Improved
N Improved : i P *
MAHI CPU 60ms/evt WE P ? | " MET resolution
o Calo resolution 10} %-#‘ E
- : ! +“.A‘ :
HCal PACILE) g 45 merevt ook TR
GPU 02, 1 olo“ O
01 = y .T oo .
HCa;(gggl LE) 0.10 ms/evt 0 L = — = rr—
Ecen (GeV) 10°! ! il ~ 3
0 50 100 150 250
MET (GeV)
8000 — 1GPU
— 4 GPU

Total time [s]

== Nominal HLT algorithm

50

100 200 300 500 1000

Simultaneous processes
R

MET=missing energy, HCal = hadronic calorimeter

FPGA-accelerated machine learning inference as

a service for particle physics computing, . Duarte
et. al., Comput.Softw.Big Sci. 3 13 (2019) (18 Apr

2019)




Machine Learning Highlights

KDEs and DNNs for primary vertex reconstruction for LHCb
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We have lots of 1A Fellow projects to follow

Projects finishing up

Creating a Python Front-End for HLS Implementation of GNNs on FPGA (Presentation July 7th)

Scaling up implementations of GNNs with FPGA co-processors for charged particle track
reconstruction (Presentation July 7th)

Floating Point Error Evaluation With Clad (Presentation June 2 |st)

Graph Methods for Particle Tracking (Presentation June 28th)

Offline Track Selection (Presentation July 7th)
Machine Learning inference as a Service optimization in neutrino reconstruction

OpenCL based implementation of graph neural networks on FPGA (Presentation June 28th)

Projects starting up

e Analyzing Neutrino Interactions

Developing Symmetric Graph Neural Networks for Charged Particle Tracking

Graph Methods for Particle Tracking


https://indico.cern.ch/event/1040761/#1-floating-point-error-evaluat
https://indico.cern.ch/event/1040761/#1-floating-point-error-evaluat
https://indico.cern.ch/event/1040761/#1-floating-point-error-evaluat
https://indico.cern.ch/event/1040761/#1-floating-point-error-evaluat
https://indico.cern.ch/event/1040761/#1-floating-point-error-evaluat
https://indico.cern.ch/event/1040761/#1-floating-point-error-evaluat

A Projects

GPU Trigger Project

Accelerators and ML for
reconstruction

Accelerated calorimeter
reconstruction using Machine
Learning as a Service

I —

in the Software Lifecyle

Maintain a mixture of
projects moving towards
deployment and active
R&D
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ernizing Kalman filter
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T Development of experiment-
independent, thread-safe track
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Conclusion

* Significant progress in Innovative Algorithms over the past year

* Many exciting results, many interesting papers and talks

* Active program is enabling us to

* A number of projects are maturing and moving towards deployment
* e.g.Allen, MkFit, HLS4ML,ACTS

* Other for R&D are just getting started

* e.g. Line-Segment Tracking, ACTS on GPUs
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