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Outline

- The need for charged particle reconstruction
» Combinatorial Track Finder algorithm

>

Computation challenge at the HL-LHC
> Alternative approaches
> Resorting to Machine Learning
> Challenges for ML
> Applications and R&D
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HEP/Exa.TrkX Project

- DOE ASCR, HEP CCE, DOE CompHEP project

- Mission
« Explore deep learning techniques for track formation
+ Scale up optimization of ML for tracking

> People
+ Caltech : Maria Spiropulu, Jean-Roch Viimant, Alexander Zlokapa,

Joosep Pata

Cincinnati: Adam Aurisano, Jeremy Hewes

FNAL : Giuseppe Cerati, Lindsey Gray, Thomas Klijnsma, Jim

Kowalkowski, Gabriel Perdue, Panagiotis Spentzouris

LBNL : Paolo Calafiura, Steven Farrell, Prabhat, Daniel Murnane

ORNL.: Aristeidis Tsaris

SLAC: Kasuhiro Terao, Tracy Usher

*

L 4

L 4

*

L 4

> All material available under
https://heptrkx.github.io/
https://exatrkx.github.io/



https://heptrkx.github.io/
https://exatrkx.github.io/

Tracking Algorithm
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Tracker Detector
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CMS Tracker o

Particle trajectory bended in magnetic field

Particle ionize silicon pixel and strip throughout several
concentric layers

* Thousands of hits sparsely distributed in space

» Low noise detector, but lots of secondary track hits
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Name of the Game

From hits ...

“IPA-APR 2019, J.-R. Vlimant
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Tracking in a Nutshell

 Particle trajectory bended in a solenoidal magnetic field
e Curvature is a proxy to momentum
« Thousands of sparse hits

 Hits pollution from low momentum, secondary particles

Seeding

J

Combinatorial Kalman Filter

-

-
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Fitting with Kalman Filter

-

-

~

 Explosion in hit combinatorics in both seeding and
stepping pattern recognition
* Highly computing consuming task in extracting
physics content from LHC data
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Well studied formalism for
charged patrticle reconstruction
achieves high performance.
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Impact of Tracking
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Jet Reconstruction
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neutral |
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« . photon

* Tracks are crucial ingredient, together | &, "™ T ¥
with the calorimeter information in the

HCAL
[ Clusters

.

|

detector

A

 particle-flow

13 TeV

particle flow algorithm
« Jet reconstructed from particle flow
candidates have significantly better
energy resolution o
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Jet |ldentification
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jet |

Moderately boosted V Boosted V Boosted V, jet merging
Resolved dijets Jet merging Jet substructure analysis
recovers initial information
| sisplaced JE s e Jet substructure derived
Jet lepton

eavy-flavour
jet

from particle constituents

e Secondary vertex are
derived from tracks.

e Tracking is crucial for jet
identification
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Momentum Resolution
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* Experimental resolution is typically much improved at low
momentum with tracking device
* Most particles in the collisions are at low momentum
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Pile-up Mitigation

« Concurrent proton-proton interaction per bunch crossing are
mostly overlapping

« Determination of separate interactions are made possible with
tracks and vertex

 Jet are further |mproved W|th Charged Hadron Subtraction

o
umver5|te

INSTITUT 1 4

Ef.;.g S \HE__.;_%*E_ — - ]|PAscAL



Charged particle reconstruction is
a key ingredient the realization

of the Physics program at the LHC.
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HL-LHC Challenge
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* pom]

m

» With higher luminosity comes more reach of
rare physics processes

* |t also comes with many more pile-up and
particles per event
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CPU consuming task in event reconstruction
* Programatic optimizations mostly saturated
 Large fraction of CPU required in the HLT. Cannot

Scaling of Tracking

» Charged particle track reconstruction is one of the most

perform tracking inclusively
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Scaling performance and
limits in computation budget
call for faster algorithms.




Alternative Approaches

_APR 2019, J.-R. Vlima
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Cellular Automaton Pixel Trackmg

» Outsource track reconstruction in pixel detector to GPU
cellular automaton
» Faster, cheaper, more efficient, more precise, ...

OOOOO

https://iopscience.iop.org/article/10.1088/1742-6596/513/5/052010
https //|nd|co cern. ch/event/742793contrlbutlons/3274390
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https://iopscience.iop.org/article/10.1088/1742-6596/513/5/052010
https://indico.cern.ch/event/742793/contributions/3274390

Parallelism

R1 _ ) 12 any | omen (NN) (1) (1.2
R2 _ (UD)] (1.2) (1L.N) (21) (N.N) (1.1 (12
| < 8500
L £
wn | - ) (.2) §m400
e Matrix size NxN, vector unit size n g’)
http://trackreco.github.io/ 3;'3300
<
200
« Matriplex library for vectorization 100
» Parallelization of track following ]

« Pattern recognition can be made
faster than traditional track fitting

https://arxiv.org/abs/ 1906.11744
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http://trackreco.github.io/
https://arxiv.org/abs/1906.11744

Hough Transform

Hough algorithm

p value [arbitrary units)

Discretised maximum likelihood optimisation over

Lnl{x}) = 3 [ dn 6(d(n,x))

where d is the distance measure of track to hit. A
Typically carried out as

= grid search
- Fast Hough bisecting each dimension

over small volumes dn of the parameter space evaluating
only the signs of o on the edges.

Refinements

[ =]
2
Ir
#
.

- Weighting of hits versus tracks e.g. on distance d or - ]
prior distributions e s s e

- Priorisation of search areas G e

= QOverlapping volumes et

anmd 5 |

01 02 03 04 65 08 07 O
Oliver Froat on behalf of the Belle Il collaboration | DESY | 2016-02-22 | Pape 4,/23
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Fast Hardware Tracking

Track trigger implementation for Trigger
upgrades development on-going

Several approaches investigated

Dedicated hardware is the key to fast
computation.

Not applicable for offline processing unless
by adopting heterogeneous hardware.
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memories
processing modules”

8 processing + 2 transmission steps implements algorithm

14
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STUB
INPUT

| |
3 Sy s 4
Organize Match tracklet Match ~ Track

tracklet projections to trans-  fit
projections stubs mission

Stub Forming Projection
organization tracklets transmission
to neighbors

Firmware Implementation - Bin

Each bin represents a 9/,, column in the HT
array

Transform:
s g at left boundary
ulates ¢y at right boundary

stubs — stubs —

R Hough

Transform

| HeT) uplicates stubs if it belongs to two cells.

Buffer Track Builder:
step 3) Sorts stubs in ¢sg cells.
Marks ¢sg cells with stubs in at least 4/5
Shake layers.
track candidates — \_S®P5) | rack candidates — Hand Shake:

Controls read-out of candidates

See https://ctdwit2017.lal.in2p3.fr/ and
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https://ctdwit2017.lal.in2p3.fr/
https://indico.cern.ch/event/742793/

Quantum Associative Memory
=8 = ke e » Similar to associative

Y m
ﬁ ) ) (4 +1/2)7 — ar 'IHII(I—(U) \/ J\'—m) . ) .
Grover’s cycle. Repeated T; = NI s s 5=0,1,2,... times.

. = memory method wi
Z ki(t)lz:) + Z li®)le:) Peak probability vs. pattern .

= =l Probability “ramp-up” vs. pattern matches matches and memory capacity eX O n e n tl a I I m r
States that States that don’t oin : m p y O e
match the match the target P(t,m) = sin <(2t +1) arcsin \/;) ’N - P(m, N) = sin* ((Qt +1) aresin \/?)

= —

target pattern.  pattern.

storage capacity

o
ppppp

L ] L] L ]
e Limitation on hardware
m =1,N =107 Ty = 24836, Paz = 0.99999999999655 [’:‘ Note: neither quantum noise, nor probabilistic . .
= 20.N = 10°: Ty = 5553, Py, = 0.99999999914046471  memory cloning operations, are taken into S I Ze I n d e m O n Strato r

account here.

* fT— “quantum oracle” operator. Inverts the phase of state representing the target pattern z.

G - Grovers diffusion operator. Inverts all amplitudes about the amplitudes average.
I= - Inverts phases of all terms originally present in memory.

» QUAM storage circuit generator [implemented]
Ex.: complete circuit for encoding three 2-bit patterns

ﬂ = W 3 i .

mi::” ‘ : ﬁ: i

Si% ﬁ o === =i g =
- — el - — "._‘
- — — —O—— o

A
> QUAM retrieval circuit generator [bﬁﬁ% tested]

Ex.: complete circuit for retrievingone 2-bit pattern

HIHE—

https://arxiv.org/abs/1902.00498
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https://arxiv.org/abs/1902.00498

Tracking with Quantum Annealing

Runs over all
quBit pairs

z z z
HIsing — E hiai + E :Jijai g
i A ij A

External Interactions
magnetic field

ooy

Runs over
adjacent quBits

_ z z__Z Hamiltonian
HIsing = E hiJi —+ E JijO'Z-O

' Y| > Quadratic Unconstrained Binary

B ¥ Optimization (QUBO) can be
mapped to an Ising Hamiltonian

External Interactions with change of variable {0,1}~{-1,1}

magnetic field
1.0

» ~1000 qubits on chimera graph can
only encode ~40 qubits full Ising

h
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Particles/event

Helix Term High pT Term Beam spot Term
Segments along Aligned pair Segment pointing at
an helix of segments the origin

A G /4 =
coskﬂabc+pcoskq>abc z,—z,|°
T] Zc_ rc Sab Sbc
a,b,c rab+rbc r.—r,

Sab

O\

A
Inhibition Term GP Term
Reduced number Use the quality
of segments of segment

+CL( z Sabsac+ z Sachc)+ (B"pr Sab)
a,b

a,b#c a#b,c

A
Bifurcation Term
No shared hits
on valid segment

« QUBO formalismdinspired by
Hopfield networlg A

W
e\f\’

Se
« Patternaecognition on Dwave
system fimited by hardware size

https://arxiv.org/abs/1908.04475
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https://arxiv.org/abs/1908.04475

There are other possible ways
than machine learning
to do tracking.




The Case for
Machine Learning

_APR 2019, J.-R. Vlima
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Computational Aspect

N\ [
W11 O Keras
, TensorFlow
W1 01 M

-—> —_— o % Co-processing kernel

i , iz 0, \
— . w _— compressed
I 13 model — HLS —
Wis conversion Custom firmware

Usual machine learning \[f design
software workflow

tune configuration

ANN = matrix operations = parallelizable

precision
reuse/pipeline

lwlz WZZ] [ = [y X iy) + (WX 15)

Wiz Wsys (WysX i) + (Wos X i) https://hls-fpga-machine-learning.github.io/hls4ml/

/.

e N
Bonsai BDT, contained tree growth and
feature discretization ; fast classification
https://arxiv.org/abs/1210.6861

. Y,

« Computation for machine learning prediction from a
trained model is paraIIeI and can be fast
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https://arxiv.org/abs/1210.6861
https://hls-fpga-machine-learning.github.io/hls4ml/

Learning from Complexity

55 - .
27
13 13 13

N
1 L 1l
N A -
R 5 - == N 3 — = _— . N
IN [ X - == 13 _ T i3 3 — % |3 dense | |dense
27 Pl 3 —~
224 s\ |~ AL A I\
- 384 384 256
256 Max
Max Max pooling
Stride\| o | Po°ling pooling
224
of 4
IR L Numerical Data-driven
# i :"
- " "

91qe) Suruurp

210)s A192013

Conv 1: Edge+Blob Conv 3: Texture Conv 5: Object Parts Fc8: Object Classes

* Machine learning can extract useful information from complex
underlying data structure
 Classical algorithm counter part may take years of development
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Scene Labeling

sheep) m— - [sh{sheep] e enisheep
u—"L., R heepindsnes @\-_@g-ﬂ-.@,

Zagoruyko et al, https://arxiv.org/pdf/1604.02135.pdf Photo by Pier Marco Tacca/Getty Images

* Recent image processing deep learning applications
perform non-trivial image segmentation

» Potential application to hit/track association problem

31



https://arxiv.org/pdf/1604.02135.pdf

The Learnable Things

What machine learning
model could learn

Amount of

material
Magnetic field

Alignment
non-gaussian

modeling
Stochastic
process

* In practice, it is not a
domain knowledge

-APR 2019£ i’ R *
ﬁe& S sﬁ PASCAL

What machine learning
model should not have
to learn

ways easy to inject
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Machine learning may provide
ways to improve tracking
or solve the computation issue.
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Challenges for
Pattern Recognition
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Particle Tracking in Biology

https://www.ncbi.nlm.nih.gov/pubmed/24441936

Table 1 | Participating teams and tracking methods

Detection Linking
Method Auth Prefilter Approaches Remarks Principle Approaches Dim. Refs.
1 L.F. Shalzarini - M,C  Iterative intensity-weighted Combinatorial optimization MF, MT, GC Greedy hill-climbing optimization 2D &3D 32
Y. Gong centroid calculation with topological constraints
J. Cardinale
2 C. Carthel Disk M, T  Adaptive local-maxima Multiple hypothesis tracking MF, MT, MM Motion models are user specified 2D&3D 33,34
S. Coraluppi selection (near-constant position and/or
velocity)
3 N. Chenouard Wavelets M, T Maxima after thresholding Multiple hypothesis tracking MF, MT,  Motion models are user specified 2D&3D 35-37
F. de Chaumont two-scale wavelet products MM, GC (near-constant position and/or
J.-C. Olivo-Marin velocity)
4 M. Winter Gaussian, median and M, T, C  Adaptive Otsu thresholding Multitemporal association MF, MT, GC Post-tracking refinement of 2D&3D 38,39
A.R. Cohen morphology tracking detections
5 W.J. Godinez Laplacian of Gaussian or M, T, Either thresholding + centroid Kalman filtering + probabilistic ~ MF, MM Interacting multiple models using 2D&3D 29,40
K. Rohr Gaussian fitting FC or maxima + Gaussian fitting data association :
6 Y. Kalaidzidis Windowed floating mean T,F  Lorentzian function fitting to Dynamic programming a Scenario 1 Scenario 2 Scenario 3 Scenario 4 D&”S":!F'
background subtraction structures above noise level
7 L. Liang Laplacian of Gaussian M, T, F Gaussian mixture model fitting Multiple hypothesis tracking
J. Duncan
H. Shen
Y. Xu
8 K.E.G. Magnusson  Deconvolution M, T, F Watershed-based clump Viterbi algorithm on
J. Jaldén splitting and parabola fitting state-space representation
H.M. Blau
9 P. Paul-Gilloteaux  Laplacian of Gaussian or M, T, F  Either maxima with pixel Nearest neighbor +
Gaussian filtering precision (2D) or thresholding global optimization oy
+ Gaussian fitting (3D) =
10 P. Roudot Structure tensor T,F  Histogram-based thresholding Gaussian template matching 15
C. Kervrann and Gaussian fitting E
F. Waharte E
11 1. Smal Wavelets M, F, C Gaussian fitting (round Sequential multiframe
E. Meijering particles) or centroid assignment
calculation (elongated
particles)
12 J.-Y. Tinevez Difference of Gaussian M, T, F Parabolic fitting to localized Linear assignment problem
S.L. Shorte maxima
13 J. Willemse Gaussian and top hat T.C  Watershed-based clump Nearest neighbor
K. Celler splitting
G.P. van Wezel
14 H.-W. Dan Gaussian, Wiener and T.C  Morphological opening-based Nearest neighbor +
Y.-S. Tsai top hat clump splitting Kalman filtering

See Supplementary Note 1 for further details on methods 1-14. Dim, dimensionality. Detection approaches: M, maxima detection; T, thresholding; F, fitting; C, centroii
GC, gap closing.

A-APR 2019 J.-R. Vllman —

c Medium

Signal

SNR =1 SHR =2 SHNR =4
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https://www.ncbi.nlm.nih.gov/pubmed/24441936

Deep Kalman Filter

Deep Kalman filters

Actions u,
(e.g., prescribing a medication, @ @
performing a surgery)
Patient latent state z, € R% @ @ B @

Optimize jointly over generatlve model pg(x|u)
Observations x,: @ @ @ and variational approximation g, (z|x, 1
hAKEIESTIFREUNIS; Clagrice!s Stochastic backpropagation

codes, etc. (Rezende et al. 2014, Kingma & Welling, 2014)
Initial state: Z1~N (Uo, Zo) |

Action-transition: z,~N (Ga:(zt—llut—l)JSB(Zt—ltut—l)j

Emission: Xt ~I(Fc(2¢))

Uri Shalit at DSHEP2016
https://indico.hep.caltech. edu/|ndlco/conferenceDlspIay py?confld=102
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https://indico.hep.caltech.edu/indico/conferenceDisplay.py?confId=102

Kalman Filter in Ballistic

* Available methods to track multiple objects
using kalman filters

* Deal with “splitting objects”

* Deal with crossing trajetories

* More complexe KF, more computationally
intensive ...

Undisclosed contribution during DS@HEP 2016
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Pattern Recognition or not
HEP charged particle tracking in a nutshell

S - =00 @

=) oO—0——0—0C o
Particle’ s parameters

(a/p,lambda,phi,d0,dz)

Seeding Track Building Track Fitting

> Track building = pattern recognition HEP jargon

> Finding the list of hits belonging to a track ...

> Finding the pattern of hits left by a charged particle
in the detector ...

> Not the “usual” data science pattern recognition

o
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Data sparsity

- 100
ﬁ s0n . ' ' | .
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50

- -1007
https://privacysos.org/
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High Dimensionality

CMS DETECTOR

Total weight » 14,000 tonnes
Cwerall diameter | 150 m

Overall length 287 m STEEL RETURN YOKE
Magnelic feld 38T 12,500 tonnes SILICON TRACKERS

‘ Pixed (100x150 pm) -16m? -66M channels

Wicrostrips (80x180 pm) -200m? -9.6M channels

TFERLOHDUCTING SOLENOID
Meobaum titanium codl carrying -18 0004

MUDON CHAMBERS
Barral; 250 Dnft Tube. 480 Resistive Plate Chambers

PRESHOWER
Silicon strips ~16m® ~137 000 channels

FORWARD CALORIMETER
Sleel + Quariz fibers -2 000 Channels

CRYSTAL
ELECTROMAGNETIC
CALORIMETER (ECAL)

76,000 scinblating PEWO, crystals . /
2\ "7 4

HADROM CALORIMETER (HCAL)
Brass + Plaslic scintillator -7 000 channals
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Complex Geometry

010203 04 05 06 07 08 09
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Not the typical data geometry for data science
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Mis-aligned Geometry

l design geometry 2 | [l Aligned geometry 3

| s N
, § : / \\
¥ \\\ :

Eﬁ\n\ @ H;l] ) i ﬂ\
NN

Database All modules perfect Database Modules on actual_ positions

(R ™ A A _a 2 a 2 8 _a - 2 2 a2 g a a B a a s N Sl

Mechanical stress (magnetic field, cooling, ...)
does modify the geometry in time
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Hit Sequencing

> Hits leave on modules,
modules leave on layer, layers
are traverse along time.

> “Natural” ordering when trying
a hit fitting

> Not so “natural” when doing
track building, and hit
combinatorics
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Flgure(s) of Merlt(s)

CMS Srmulanon pref;mmary 13 TeVv CMS Simulation prehmmary 13 TeV . CMS Simulation preliminary 13 TeV
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Figure of Merit

* A combination of resolution, fake rate, efficiency, ...
> Tracking has been improved within a given a method
(CKF+CTF) and within processing time constraints

* Not all tracks are equal. Not all features matter
> High dimensional cost function

* No golden metric for “tracking” in a general purpose
detector

> Things would be done differently, if the purpose was
different

 Remember the breaking point is computation requirement
> Not something that folds in a cost function ...

. - _—,_}ff :;‘_T‘ via m‘a‘iﬁ]@ ) c gg ,_ _7_,;:7:{;—;—7,_ -, = .- < pAR|s-SACLAYé 4 5
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Time/Event [a.u.]

(o)}
o

Computation Performance

(&)
\|O|||\

40-
30-
20

10~

- owsmem s-uwieisess e \Norse than quadratic

~ —=— Full Reco Current—=— Track Reco Current |

ulRecofunt ——Trackpecornt 40 PU200 Is far off the chart.
1 *Memory consumption not
necessarily an issue
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There exists specific iIssues to keep in mind when
applying machine learning for tracking.

Particle tracking is an active field in data science
Making a track is called pattern recognition
Tracking data is much sparser than regular images
Tracking device may have up to 10M of channels
Underlying complex geometry of sensors
Unstable detector geometry ; alignment
Not the regular type of sequences
Defining an adequate cost function
A solution must be performant during inference

—  — - e
e "= Machine Learning in Track

———

< !), = IPA-APR2019,J-R. Viimant e ——
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Applications of ML
In Tracking

_APR 2019, J.-R. Vlima

- S s WSS
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Where ML Can Fit

* Hits preparation
* Seeding
* Pattern recognition

* Track fitting

Several Times

* Track cleaning

- o - - - :"_:; — ——- - : :_, ,_; == e - T .- 3 ":é‘-" il_i—f = = =
~p . ‘TPA APR 2019 J.-R. Vlimant
S = %hg
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Several Times

Where ML Can Fit

* Hits preparatiofi™

there

* Seeding™™

there

» Pattern recognition.

there here

* Track fitting

here

* Track cleaning

v - - . 1;;!.::::;3* ir 1€ : J
= = __;
IIIIIIII!E;EEEE%%;::f’ __stEE. ———
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Machine Learning in Tracking

*Seeding and Clustering
*Pattern recognition

* Track Selection

* Track Parameters
*\VVertexing

......
eeeeeeeeeee

o f“i'f—k_ﬁ;:,—;-:-t
3\ e e

e\ achine Les =
g IPArR20I. Lok Vimant e [
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Seeds and Clusters
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Hit Searching

&)

pruned

visited

~Tal ]

Czl
visited visited

2) (3)
o [oloo [p<Tosloe] [o7Tosloo]brcpr] o i bsprdpr prdoispas

result for K =3: {p16, p17, p20} ® > KNN reference point

Time Performance Regression == PANGA RTIeE
5 = QOriginal Algo

—— C RTree

» Search for neighboring
hits using R-tree

e Speedup over large event

0 250 500 750 1000 1250 1500 1750 2000
Number of Hits per Event

https://indico.cern.ch/event/742793/contributions/3274363/
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https://indico.cern.ch/event/742793/contributions/3274363/

Tracking In Dense Environment

(a) Single-particle pixel clusters (b) Merged pixel cluster

Converging tracks are likely in boosted jets
and jets dense of charged particles.
Degraded performance

https://arxiv.org/abs/1704.07983
https://Iink.springer.com/article/1 0.1 140/epjc/s1 0052-017-5225-7
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https://arxiv.org/abs/1704.07983
https://link.springer.com/article/10.1140/epjc/s10052-017-5225-7

Cluster Assignment Efficiency

Cluster Splitting

Feed forward NN in three stages

Determines t
Determines t
Determines t

ne category 1-track, 2-tracks, 3-tracks
ne N-crossing positions regression
ne uncertainties as a multi-bin categorization

2 hidden layers fully connected NN with batch norm

F T T T
-~ ATLAS Preliminary
- Simulation p—omtn

1.05

0.95
0.9

ALY

0.85
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|

T

0.8
0.75

0.7

B > -r_ T LI T T T T T _—

- 2 1E —

- Q0 - R — — 1

- O - 1T & R \—

== o A —— ]
—N—hA— — 2 0.9 . —

- O S W— ]

= 2 ATLAS Preliminary .

] @ 0.85 Slmulatlon /s=13 TeV , Z(3TeV) =

= 3 + S I 450<p ‘<750 GeV p M2GeV ]

— q) —

- 0.8— R™" <100 mm, R >600 mm

= Layer0 7 o prod eca .

T X - O Li ht Jets ]

TIDE 4 Layer1 8 o5k TDE Biets E
s Layer0 = UF _ .

Baseline A Laveri Baseline 2 Light-Jets ]
Y = 0.7~ A B-Jets ]

] | | 1

107"

Minimum Truth-Particle Separation at Layer 0 [mm

_—

ATL-PHYS-PUB-2015-006
https://link.springer.com/article/ 1 0.1 140/epjc/s1 0052-017-5225-7
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https://link.springer.com/article/10.1140/epjc/s10052-017-5225-7

Seed and Cluster Filtering

® Hit

. -
. -
-
e -
- -
. -
-
e -
. -
P -
Track . _ -
. o - L1 -
® -
- - -
-
-
jo—
+

« = = = Search Window . e

«++ Reference plane -7 -
» - . ) - L -
) -
- ‘. - -
- - - . x
- .
- Hough Space

z
T2 13

> NN classifier to distinguish good and bad clusters in
the hough space during forward tracking

- classifier to distinguish good and bad T-seed (Use of

the bonsai BDT https://arxiv.org/abs/1210.6861)
during downstream tracking

S6

PA- AP 2019, J-R. Vlimant
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https://arxiv.org/abs/1210.6861

Doublet

- i Hits )
Pixel Hits generation

Seed Cleaning

A 4 *

Cellular

Quadr.
Automaton

Filter

» Categorization of hits
s i doublet using the pixel
cluster shapes as input

Hit Pixel
Clusters bcjlslz(tie;)sn . p. . .
 Significantly reduce timing
In pattern recognition
CMS Open Data 2018 13 TeV
12
— Downstream Timing (A.U.)
M) [ M) M) 10
) g g g g s g = (=] |5 |&
B B 1215 IE IR BB
sl (5] |3 S| |= sl (S| |5] |&] |&] [& -
SMErE Sl E ia»%g»ﬁ Shs 3 2
sl [e] | S| |8 = (5] &l 2] (2] |3 o6
2 = El 5 5 2 % = 2 2 g 8
el |s| |3 3| (3 gl |8 sl || 18] |2 -
al 1g| |2 gl |2 =l |8 [2] [8] |B] |5 =
3| (8 3| |8 © 04
\_/ \_/ \_/
( Hit info input Iayer_(59) ) o 0.2
@ Batch normalization layer ( inX, inY, inZ, outX, outY, ... )

https://indico.cern.ch/event/742793/contributions/3298727

~IPA

| ae——

e S T N e

0.0

Baseline CNN Filtering
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https://indico.cern.ch/event/742793/contributions/3298727

Seed Finding In Jets

pixel Window, tayer 4

13TV !
— R 3 Tracking Efficienc
simuaion PO ol Window, yer ‘ I g y
_ CMS sme P 1376} | CMS simuiation Preliminary 13 TeV
T?"GS'L' c“s 7_,?"""3“—*"’ cxa layﬂz oy L' H Py H
£t W pooionas? £ | QCD 1800 GeV < <2400 GeV (no PU) |
— | QT er 2 |
»| %1 CMS smiston PoEme) pixel Window, 2y £ 095 jpf'>1 TeV, *|<1.4
L =} =l prodmingy__——— =] -
. > | 315-. CMS simiston === £ [ [—— Without JetCore : i
! L qt s 8 0.9 Standard JetCore T ! : -
| [ ) 1 % = [ | —— DeepCore ' ' '
[ b e [ | —— MC truth seedi
5- ' 10 ‘9; r 0.85 — T T = e o
{ 1 55- [ 10 E i
i : 0.8 ! ! Lol
[ - : ' [ a
| or -
[ 1 f '] I ] R
5 [ i » C : P
E 0 l ! L B | 1 | H
| | o | 0.7— ; R T
5 ‘ or r 4 E [—— 1
r =’ J
0 v =
! 5 3 0.65 ﬁ
0 f [
I L " ! ST ’ L E l
‘5"_,,-/"-"5 + L ' | 0.6 1 L P |
.,5 10 L " fut _|:]\' l v | g 0? - = T
s | b ool =
1 [ N R =~_002FE i ; SRS i i
AR sy g~ O0ef f
P : "ol $-003F i P
w Il X P = -0.04F . v e e
"0 ] - :
,5 Sons —
. A R(track, je1l?

 Predict tracklets parameters from raw pixels using CNN
e Approaching the maximum performance

https://indico.cern.ch/event/742793/contributions/3274301/

0@1—/ IEE==———" = |, \PR2019, J-R. Vlimant :
L e SR ———
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https://indico.cern.ch/event/742793/contributions/3274301/

14 4

10 -

Helix Testing

n
T2

0.0

L

2

L L]

5 50 75 100 125 150

il Training history - accuracy

Input
layer

epoch

s . ™ » . . . e * & @ & @ L ]
R final val. acc.: 97.07
084 ,
o 0.6 1
w
e
— |
(v
® 04
training
0.2 - « validation
00 T T T T T T T
0.0 25 50 75 10.0 125 15.0 175

200

R&D

Hidden Hidden Hidden Output
layer 1 layer 2 layer 3 layer

I:. + P(Class 1)

@ P(Class 2)

 Classify hit 4-tuple to be
on a seed

* Promising at classifying
goodness of seeds

https://indico.cern.ch/event/742793/contributions/3274402
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https://indico.cern.ch/event/742793/contributions/3274402

Bucketing

R&D

E Spotify / annoy

e Method inspired from
iIndustry tools

e “Many millions of songs”

e <0.1ms to get n similar songs A

* Reduced problem density
[high-dimensional space] in bUCketS Of h|tS
e Unsupervised < \

Layers
cne @
oV
100K hits, 200 u |bucket|= 50 hits | layer |=15 hits -

https://indico.cern.ch/event/742793/contributions/3274332/

- — 1 1€ _‘-,- ’l == :
PA-APR 2019, J.-R. VI -
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https://indico.cern.ch/event/742793/contributions/3274332/

Track Finding

APR 2019 1 -R. Vllman ,'if‘_"— — —
. —— PAAPR20D. 3R Vit
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Non Parametric Functional Kernels

R&D

Hits Projected features

[xy,zn,m,A,c] —». —— [pl,p2,p3,p4,p5p6] — @—* [Lrper21P31P4rP5rP6] .
/ _______ I
1

l

( 2 Track features Data \
\_ Figure: Linear Discriminant analysis )
¢ Tra n SfO rm th ein p Ut featu res Figure: Coefficients of fitted tracks on all feature space

\. J

 Assign hit as classification
task with SVM

https://indico.cern.ch/vent/577003/contributions/2444883/

umver5|te

62



https://indico.cern.ch/event/577003/contributions/2444883/

TPC Activity Segmentation
! / R / . _ f:/ ‘

MCtruth:  \
EM-like (green) )track like (red) T

CNN output: i
EM-like (blue) /track like (red)

» Challenge to code explicitly
* Almost text-book example of de-noising AE
» Achieved with CNN

universite
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TrackML Challenge

Accuracy Phase

First : Top Quarks

» Johan Sokrates is an industrial Mathematics master student

~  Pair seeding, triplet extension, trajectory following, track
cleaning, all with machine learning for quality selection

Second :

» Pei-Lien Chou is a software engineer in image-based deep
learning in Taiwan

» Machine learning to predict the adjacency matrix

Third :

» Sergey Gorbunov is a physicist, expert in tracking

»  Triplet seeding, trajectory following

Jury “Innovative prize”

~  Yuval Reina is an electronic engineer and Trian Xylouris is
an entrepreneur

> Marginalized Hough transform with machine learning
classifier

Jury “Clustering prize”

~ Jean-Francois Puget CPMP is a software engineer at IBM.
He is both competition and discussion Kaggle grandmaster

- DBSCAN clustering with iterative Hough transform

Jury “Deep Learning prize”

> Nicole and Liam Finnie are software engineers

-  DBSCAN seeding, trajectory following with LSTM

Organization pick

~ Diogo R. Ferreira is a professor/researcher, focusing on
data science and nuclear fusion

- Pattern matching

https://arxiv.org/abs/1904.06778

- IPA-APR 2019, J.-R. Vlimant

MV &

Throughput Phase
* First:
» Sergey Gorbunov is a physicist, expert in tracking
~  Triplet seeding, multiple passes trajectory following
+ Second:
> Dmitry Emeliyanov is a physicist
> Connection graph, Cellular automaton, graph traversal with
Kalman Filter
» Third :
> Marcel Kunze is a computer scientist
> Solution based on top quark, trained navigation on DAG of
voxels to find doublets and triplets

https://indico.cern.ch/event/813759/
Sponsors

NVADIA.

ITr

DAT A4S
v ot Qn\:\m: . . . E q R N e te for Researc h & Innovation
CERN ( ) erc
. PyTorch (/
i cOMMON [T PS>
GROUND  université’|

o
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https://arxiv.org/abs/1904.06778
https://indico.cern.ch/event/813759/

~ Pair generation Ordered pair of

Candidate pair

4 ExtenS|on to tracks -_ffi

N Candidate triplet

¢ Module overlap 4 (hit, hit hit,)

» Standard track following
algorithm augmented with
classifications

Candldate tracklets'

{{hit};}

All

‘ | BT
reachable layers combinations

Line extrap.
to next layer.

(hit, hit) Search area for |
10:1 outlier density.

(hit, hit_ hit, )=

onT,

Candidate tracklet ‘
> |

{hit}

Helix extrap.

\ fromthe 3
“outermost hits.”
Closest hit selected

Score based
on expected
number of
"outliers along
The tracks

/

{Tk} classificatioh (hit, hit_hit

Pruned by
Pair features binary Candidate pairs
(hit, hit)=P classification {(hit, hit)}
~ onP \
At most 10. ‘
Triplet Features Binary Candidate triplets

(k))

Helix extrap.
_from the 3 ~
/ mnermost hits. .

Closest hit selected

Candldate tracklet /

{hit}

Add closest hit

to each hit on

/Candidate tracklet ~ ©ach layer

{hit}

Recursively
promote

[ Tracklets scores ' best track an

{({hit},S)}

" remove their |

Candidate tracklet
{hit}

Final tracklets

{{hit},}

hits from the rest
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A
A DAG Track Following
e 9 Accuracy: 0.93

&"

Time/event: ~7 sec

Phase 2 cloudkitc

Author: Marcel Kunze Memory: 0.7 Gb
1 partly based on top quarks Phase 1 solution e \a\\k
1 Top Quarks @ N 0.92 . 2mo |
Algorithm outline ‘
hits Triplet finder
: ca. 300k
sorted in voxels 5
> * Extend triples to tracks ’ ’ 972A)
i-‘.{. * 12 million / 0.95 . . NN3
. ZL‘I; o * Add duplicate hits to tracks -~ -
P + 12 million / 0.96
I + Assign hits to tracks * . p " T
* 90% of hits / 0.92 ' ;
: . o - - doublet finder
organised in ca. 500k
direct acyclic graphs NINE 99.4%
A/
. (DAG) DAGs are pre-trained on ~25 events ground truth
e H\\ ‘ DAGs are used to Disc section |
W § Threaded
B -5\ fast navigate through 2 Mi
W8 ‘ voxel space Tube section Cel, 19
ackML Workshop CERN | M. n@ % 4

. Improvement over accuracy phase winner
e Hit naV|gat|on usmg dlrect acycllc graph (DAG)
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hit-1 (x1, y1, z1)

Input: N hits

-

hit-N (xN, yN, zN)

hit-i (xi, yi, zi) Inpuli 2 hits
hit- (xj, yj. 2))

* Deep-learn the full NxN adjacency matrix
* Track following combinatorics
* Impractical computation-wise

1 23458~ N
ouput. T8l 1]sls] 1]
Neural NxN malrlx. 300010~ 0
Network 400100~ 0
$/11000/ ~1
N11001~0
output:
) Neural 1 probabllnt)'r -
Network )

—— e b

o it W s i”%__-ﬁi__:—::__
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#  Improved Hough Transform

*

XY

Discretization
e indexed by
= 7z i e
Hit= (oy,z) 20 it = (d,ct,st) umiaueTrackld . it = (Track,,)
Random scanning
over (kt,z)) space. ( {Hit,,Track,, card(Track,,) } = f(kt,z,) Binary
Merged by majority = = classification =
vote on card(Trackid) Track = HitSet ——»Track = Track Features PTG Track,, = h(T)
hit set
Several clustering ‘ MSE
i rounds. .
{ Hit,, Track,, } Metaealon { Hit,, Track,, h(T)} [edleesion
max h(T) . Track,=HitSet  » Track,={(@.ctstp  °"KF » Track,= (k.z,)
Extend with ‘
{ Hit ,Track,, } hits by proximity

of (<®>,<ct>,<st>) { Hit,,Track,, (k,z,), (<®>,<ct><st>)}

v

{ Hit, Track }

* 5D hough transform made computationally
tractable by marginalizing p, and z,

e Track extension in track feature's space

o
universite
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.\V
£ LSTM Track Following

Input/Output: O, r, 2z, z/r

e eee

output shape:
(10, 4)

Time
Distributed

@ ®
A

Hidder! LSTM P |STM - LSTM
layer size:

" mml-pm- ‘7, ﬁ, m ‘T. m.-pl.
LSTM . LSTM LSTM LSTM LSTM -~ LSTM LSTM LSTM '~ LSTM ' B LSTM

A A A A A

. Xs X6 X7 X8 X9

Zero out Final 5 hits

Input sh
(28:14) e Unroll through Time (mapped using sorted z positions) )

* Rely on existing seeding
. FoIIow tracklets W|th LSTM for predlctlng the hit posmons

unlver5|te
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. 2
s’

L\

A
£ DBSCAN — Hough Transform

T

H(0.p)

. - .
-
e
;{JH‘-"- u]:> /I—\ H
=
4

5 ‘"nﬂ__w ?rfe'z \x
J;“E;\l l...?{

Image Domain

DBSCAN?

Density-based clustering

+ Few parameters:
distance, min #, (metric)

+ Simple and available

« Used in starting kit
score = 0.2

wikipedia.org/wiki/DBSCAN

* [terative hough transform using DBSCAN for
unbinned clustering in track feature space

s

e —
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Edge Classification with
Graph Neural Network

https://heptrkx.github.io/
digression

3 = - ol SNl =
. S —— ——— - ——-n -
A T o o e =5

"APR 2019, J.R. Vlm- e —
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https://heptrkx.github.io/

Node & Edge Representations

TN E E S E S ESESEEEEEEEE S — — — — — — —

Latent Space

Output

Latent edge representation taken to be the classification score
instead of some latent vector representation

unlver5|te
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Neural Networks

* Input Network
> Transforms from hit features (r,¢ , z) to the node latent
representation (N for 8 to 128)
« Dense : 3—...—N

 Edge Network
> Predicts an edge weight from the node latent
representation at both ends
* Dense : N+N—...—1

* Node Network
> Predicts a node latent representation from the current
node representation, weighted sum of node latent
representation from incoming edge, and weighted sum
* Dense : N+N+N—...—N

73
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— NodeNet(® @+

self incoming

Node Network

/

@ +0 @+

outgoing
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Information Flow

* Graph is sparsely connected from layer to layer
* InputNet + EdgeNet + NodeNet only correlates hits
information on triplet of layers
« The information from the outer hits and inner hits
are not combined

« Several possible ways to operate the connection
> Correlates hits information through multiple iterations of
(EdgeNet+NodeNet)

m_. P BN ey N ramwry BN vy K vy DU Py _.[ [ l

» » - - __: 7_7' f—_’;;-;";f :—\ \t ‘ T = _':- ﬁ %_7-:* - = - - UnIVGFSI é
(/21| — h ngin” = -
N - B IPA APR 2019 A & R Vllmant — II’;’SKECAL



TrackML dataset generated from ... with an

average of 200 pileup events. a

» Not computational possible at this time to to*
embed the smallest relevant sector of full 10°
event on a graph 102
> Sub-dataset are constructed by 0
- Low density N

- p;>1 GeV, Ap<0.001, Az, <200mm 4

v acceptance: 99%, purity: 33%
> Medium density 10°
- p;>500 MeV, Ap<0.0006, Az, <150mm

v acceptance: 95%, purity: 25%
> High density
« p;>100 MeV, Ap<0.0006, Az <100mm

> acceptance: 43%, purity: 9%

10!

. = e e o', e A =
- - - s\ o chine Leariing in Tracking = ——
O&/l - S — — _:_- — "\"= N '.'- e
ol - = e AT i ——

Downgraded Complexity

-400 -200 0 200 400
Zo [mm]

-0.002 -0.001 0.000 0.001 0.002

A¢/Ar [rad/mm]
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10° 1

10° {

10* 1

10° 1

0.0

Low density

acc. x eff. ~97%

04 06
Model output

08

10

Performance

10° 4
10* 1
10° 1
10 §

10" -

0.0

. fake
N frue

Medium density
acc x eff. ~90%

02 04 06 08 10
Model output

10° 1

10° 1

10* 4

10° 1

High density
acc. x eff. ~33%

0.0 02 04 06 08 10
Model output
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Dealing with Large Graphs

» Full event embedding
~ A graph with ~120k nodes (14.4B edges) and ~1M
potential edges is a big graph

 Split the problem
~ currently using 16 sectors in @
* Use sparse matrix implementation
- https://github.com/deepmind/graph_nets for
example
* |dentify disjoint sub-graphs
- Geometrical cuts, segment pre-classifier, ...
* Implement distributed learning of large graphs
> Scope of the Exa.TrkX Project

el Kir 3 ——
=S !___. IPA APR 2019 J.-R. Vllmant
e = i M 4. W :
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https://github.com/deepmind/graph_nets

Node & Edge Representations

TN E E S E S ESESEEEEEEEE S — — — — — — —

Latent Space

Output

Edge representation is not the edge score.
Final edge score extracted from the latent edge representation.

unlver5|te
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Message Passing Model

[Ho, Ho] [H+1, Ho] [Hi]

Input Graph Graph Output
m_’ Net\?vork - Netw%rk > Netw%rk Netm?ork "{ [ [

« Same graph connectivity

* No explicit attention mechanism

« Edge representation computed from end-nodes features

* Node representation computed from the sum over all
connected edges

> Correlates hits information through multiple (8) iterations
of (Graph Network)
> Uses https://github.com/deepmind/graph_nets TF library

81

PASCAL


https://github.com/deepmind/graph_nets

Flow

« Checking edge score
after each step of
graph network.

 Effective output of the
model is in step 8.

 Full track hit
assignment learned in
last stages of the
model.

04 o6
Model output

* Tracklets learned Iin
iIntermediate stages.

04 o6
Model output
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Algorithm Efficiency

one-event

Total
Reconstructable

Barrel

No-missing hits

Edge selection

Split graph

N-particles

11170
9635
7492

6600

3114
2668
2590

ratio w.r.t Total

100%
86%
67%
59%
28%
24%
23%

ratio w.r.t
Reconstructable

100%
78%
69%
32%
28%
27%

relative ratio

86%
78%
88%
47%
86%
97%

unlver5|te
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R&D

Surrogate Kalman Filter Approaches

https://heptrkx.github.io/
digression
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https://heptrkx.github.io/

LSTM = Kalman Filter

Output detector layer
predictions

0 1 2 3
softmax activations

0 1 2 3

Input detector layer
arrays

Target track

> Search seeded from a
known tracklet

> Hit location Is discretized to
fixed length

> Model predicts the binned
position of the hit on the
next layer

1P

— — - ’ = - E - —

. Input data

Finding Tracks with LSTM

. e I-_..l i
g © 1 !
) _
‘ | .11 |
2
a |
-~1000 -500 0 500 1000
Z [mm)]
o Ground truth
. i 1
2 ¢
3 a
2 !
i I
-=1000 -500 0 500 1000
Z [mm]
- Model prediction
6 I
83 a Illl
2
) I
-1000 -500 0 500 1000
Z [mm]
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Hit Following with Uncertainty

I Ry T ,"_"N—l—’-—’-—’(f"l,zl), (72, Z2), . - -, (T, Zn),
— g - 02 02
— (’r ¢, Z) r = (¢, z) p— ( 2‘35 ¢2Z)

Opz O
Loss function incorporates the position and

the predicted uncertainty
L(z,y) = log|Z| + (y — f(2))"Z 7' (y — f(x))

- Search seeded from a $ pl distributin
known tracklet | e

~ Hit positions taken in
sequential input

- Model predicts the
position/error of the hit on
the next layer




Pattern Recognition / Seeding

https://heptrkx.github.io/
digression

R&D



https://heptrkx.github.io/

Text Translation

# [Sutskever et al. NIPS 2014]
» Multiple layers of very large LSTM recurrent modules
» English sentence is read in and encoded
» French sentence is produced after the end of the English sentence
» Accuracy is very close to state of the art.

Ceci est une phrase en anglais

This is a sentence in English

> From sequence of hits on layer to sequence of hits on track

universite
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Pattern Recognition
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Pattern Recognition with LSTM

» Input sequence of hits per layers (one sequence per layer)

> One LSTM cell per layer

» Output sequence of hits per candidates

> Final LSTM runs for as many candidates the model can predict

all hits in data
target 0
cand 0
target 1
cand 1
target 2
cand 2
target 3
cand 3
target 4
cand 4

« Still work in progress

+ Restricted to 4 layers
(with seeding in mind)

+ Work to some extend
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-

P =( P trackl » Ptrack? » Pitrack3 »

Hit/Track Assignment

)

HitProbs1( 7)) || HitProbs2(2>) | ...

Accuracy vs # of tracks

r=(r,9,z)

o o —
[« ] O (=]
I._q
—
—C )
—C D
—{ T
— T
Sy
—
— T
— T
—
— T
C—
— T

o
~

o
o

Discrete Accuracy

HitPos1(7,) || HitPos2(7) | ...

o
v
—

R T T S S A
-1 0 1 2 3 4 5 6 7 8 9 101112 13 14 15 16 17 18 19 20 21 22 23 24 25 26

Number of tracks

> Unseeded hit-to-track assignment (clustering)

> Hit positions taken in sequential input

> Model predicts the probability that a hit belongs
to a track candidate

e T g, 0 =3 B

—  —  [PA-APR2019, J.-R. Vi
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Track Selection

unlver5|te
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Track Selection

T stations

magnet .
J Straight tracks
TT track
VELO
~ = T T
upstream track I g 1F bt L 51 0 Stz =
" Y jong track N e TS =
] 2 o9k k
VEL® ffack 4\ M ]
g O8F E
\ 5 E LHCb E
© O7F preliminary :
downstream track & - :
. = 06 :_ run 2 ghost probability —:
Straight tracks Bending 05 — ekt ot E
- E run 1 ghost probability E
04 . . . . | . . . . —
0 0.5 1

efficiency

NN classifier implemented to select good from bad
tracks in forward tracking and downstream tracking

http://cds.cern.ch/record/2255039
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http://cds.cern.ch/record/2255039

Track Quality with DNN

Initial Low pT ’:(>. . oc:> Jet core
Quad | regional
{> {} 3 _ _Fake rate vs p
BDT1 [ BDT2 (X X BDT11 Workin : ; m ........... e
o progress 5 5 progressé ;
1_. ................................................ L .
2 2 S e il
Selected tracks LY | 0 — T + ........ : :
R A S SN [
Il Boel+ BDT | ¢
osgy NNt
Ao JUNNU S S S —
Initial Low pT XX Jet core e s ; :
Quad regional PO ST R RPN BRI B
. T+++ . + : =
% 1 has “m*+“+++§++++H>...¢ ..... o
@ s
Deep Neural Network _— : . :
101 1 10 102 103 10t 1 10 10 103
V Track p; (GeV) Track p; (GeV)
Selected tracks

Simplifies and improves track selection within
the scope of CMS iterative tracking

https://indico.cern.ch/event/658267/contributions/281 3693/
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https://indico.cern.ch/event/658267/contributions/2813693/

Track Parameters
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R&D

Track Parameters Measurement

https://heptrkx.github.io/
digression

-

. e
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e e\ V| B 1 2 ¢
= L YV [} g e
= _7-‘11) tﬁ =
— — -

R -APR 2019, J-R. Vlimant
e SR ————
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https://heptrkx.github.io/

Scene Captioning

1.12 woman
-0.28 in
REERRY | 71 white

. 1.45 dress
0.06 standing
-0.13 with
3.5R tennis
1.81 racket
0.06 two
0.05 people
-0.14 1n
0.30 green
-0.09 behind
-0.14 her \/

BT g R, e [ ARG
Karpathy, Fei-Fei, CVPR 2015

> Compose tracks explanation from image
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Track Parameter Estimation

Input

Try to predict the

slope and intersect
of this track

Pixel

98



* Hit pattern from multiple track
processed through convolutional

layers "

Conv (3x3) x32

QQ[I._V, (3x3) x32
[ Fou |

Dense (400)

LSTM (400)

 LSTM Cell runs for as many
tracks the model can predict.

e

Slope 1 Slope 2 Slope 3

Intercept 1 Intercept 2 Intercept 3




Prediction Track Covariance

Dense II LSTM I—PI Slopes and Intercepts I

T, T s

Dense {{ LSTM Cov. Matrix Parameter_;]

Model is modified to predict a covariance matrix
for which there is no ground truth, but is used with
the modified loss function

L(z,y) =log|Z| + (y — f(x) =" (y — f(x))

e ' 100

Cme——— {5



Track Parameters Uncertainty

Input

Model prediction

Pixel

Pixel

Layer

Layer

Representation of track
slope, intersect and
respective uncertainties

K]
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Impact Parameters

@P C? CP C?  LSTM model supplements

a Kalman Filter approach

T * Improve resolution and

N estimation of track impact

parameters in LHCb

0.9 Pull distribution of x-position Resolution of x-position
o ' 5 LHCb Simulation Preliminary N e ] LHCb Simulation Preliminary
o 0. 8 p=-0.001, 0~0.650 g "
._,07 U= —0.002, 0=0.928 2150
5 ] 2
3067 51257
0.5 ‘ = 10.0 I Default
0.4 . ] L STM
A, ] (1ay]) (1A, o 5.0
; 01 é 2.5 —:
Model extension to predict the uncertainty on the CTB 0.0 - 0.0 -
—-0.10 -0.05 0.00 0.05 0.10
position Xirue =X

https://indico.cern.ch/event/587955/contributions/2935754/
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https://indico.cern.ch/event/587955/contributions/2935754/

Vertexing
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Decay Point |dentifier

Ground truth muon - Distance: MC-truth decay point to the point
decay vertex ” selected by reconstruction
. red: point found with CNN
lll K = gray: standard tracking vertex
= 1.
L oo [l
| ProtoDUNE simulation,
[
1R work in progress
50 |
r’ | VEXpye — ViXgeeo [€M]
. P— o aa — = )

CNN interaction

CNN muon vertex

dentification | © CNN slightly outperform the

L classical approach
y  Much less complication in
programming the vertex finding
LArSoft sim/reco
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Hybrid Vertexing

20001 —— Kernel
® LHCb PVs
¢ OtherPVs
1500 A ® LHCbSVs
c ¢ Other SVs
N
o« 1000 -
o
2
w
]
O 500 1 \IJ
0 - 1 ° 1WW» e o ® P\
‘ g ¢ ¢
Zz axis (along the beam) —100 -50 0 50 , Va|u1e050[mm] 150 200 \ 250 300

* Form a track density over longitudinal
axis using Gaussian kernels

» Learn vertex position from local
longitudinal density

» Similar performance with traditional
approach.

» Advantage of ML in deployment

https://indico.cern.ch/event/708041/contributions/3269692/
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https://indico.cern.ch/event/708041/contributions/3269692/

Graph Network Vertexing

In terms of an algorithms input/output: How a GNN is used to assign nodes to vertices:

( by, | L
heat [: root o\ C ]

00-(’,‘ Lo

/ f /L ! V8- .
\ — | S =l
\ 6%\ / 0.5¢6 l&\' 0
T /o \ N
@ ° ° ° . L] °
@ ©. . ‘o . " -
® o ; .
° o ° .
@ ¢ RSy
S 9 S o™
o . N © 30‘. O .
v Se .
® ® .

* Track .clus.tering.j within jets for secondary vertex
reconstruction and jet-tagging in-fine

universite
PARIS-SACLAY

106

PASCAL



Variety of application
of machine learning for
tracking-related tasks.
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and beyond
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> ML-4-Tracking already in production
> End-to-end tracking with ML is unlikely
> Active field of R&D for novel methods
> Interesting directions for ML
v Reducing the running complexity
v Graph network approach
v ML-guided combinatorial track finder
v Incorporating domain knowledge
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