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Cellular Automaton as Track Finder
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Cellular Automaton:
* local w.r.t. data

* intrinsically parallel
* extremely simple

* very fast

Perfect for many-core CPU/GPU !
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Cellular Automaton:
1. Build short track segments.
2. Connect according to the track model,
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estimate a possible position on a track.
3. Tree structures appear,

collect segments into track candidates.
4. Select the best track candidates.
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4. Tracks (CBM)

1000 Tracks

Useful for complicated event topologies with large combinatorics and for parallel hardware




Left-Right Ambiguity

Create for each fired tube two virtual hits - left and right.

wire drift circle

reconstructed track
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Left-right ambiguity is solved at the track finder stage




Event Display

10 primary tracks with pt = 1GeV/c
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Tracking Efficiency

10 primary tracks with pt = 1GeV/c

only tracks with all (4 barrel) MVD hits are selected

STT STT+MVD
Efficiency 97.2 99.3
Clone 1.8 9.2
Ghost 2.5 2.5
Tracks/event 10 10
Time, ms/event 5 7

Reconstructable track: > 6 consecutive MC points
Ghost: purity < 75%

10 tracks with pt = 1 GeV/c; 100 events
1 core of Intel Core i7, 3.4 GHz, 8 MB L3 cache, 32 GB RAM

Efficiency 99.3% at 7 ms per event



Kalman Filter based Track Fit

Track fit: Estimation of the track parameters at one or more hits along the track — Kalman Filter (KF)
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Kalman Filter:

1. Start with an arbitrary initialization.

2. Add one hit after another.

3. Improve the state vector.

4. Get the optimal parameters after the last hit.

State estimate I
Error covariance C, ) . ) .
KF as a recursive least squares method Nowadays the Kalman Filter is used in almost all HEP experiments




Naan s652005

fus oot
1a0f

Constant s

Naan 6129005 of
120k sigma ooos1s

ean 142008
A o007
Constant oaso
ean 00001055
sgms oooie2n

KF Fit Quality

Constant

154005 Naan
ooonsa fus

» Constant
asteecs

00002294

oosas

o o o 004 02 o oo oo
Residual (™ - x™) [em] Residual (™ - y™) fem] Residual (2 - 2) [em] Residual (p[* - p[") [GeVic]
ean coaurs P ooness ean cousse
s o s o s oarms s ™
00} Underfiow a7 Undertion s 2508 Undertiow 1 1o Underfiow s
1a0f Constant a1 1op Constant s Constant 191 Constant 2
Moan 001388 Mean 0007151 Mean ooner Taof Moan 0.003453
some oo o sam soms some 1o
Teof
120
1a0f s
100
120p 20
1oof oo ol
sof o
aof
G o
wof
of of
aof
of «f
| | | | AT
s 4 2 o 2 4 & s 4 2 o 2z 4 & s o 2 4 o 6 4 2 o 2 4 6
Puix Py Pz Pulp,

hesn 250005
A oo
1aofF Underton "
Constant s
hean aooonar
120p
sgms oorzs?
100p
40
2

004 002 0 002 004

Residua (5" - ") [GeVic]

hean 002087
A 1281
Constant 10s

P s hean oo
sigms 105

100k

40

2ok

s 4 2 o 2 6

Pullp,

oan aoar
hvewn 1230
s oo
Underton e R
Overtiow 0 sy
8 T
constnt 1067 N
"
1eoH]
1o
120}
100
sof
o)
a0
2]
o |
004 002 0 002 o004 0 2 4 6 8 10 12 14 16 18 2
Residual (- p7) GeVic] ezt
e cooures
s a0
i overton o 120 N
constnt s A
Mo onu
sioms L1
12oF 100}
o0k
o)
oo
o)
oo
40
o
2o
AT TN
s 4 2 o 2 6 0 01 0203 04 05 08 07 08 09 1

Pullp,

prob

Z, um

px, MeV/c

py, MeV/c

pz, MeV/c

Residual

13

14

13

9

Pull

0,7

1,1

1,1

1,1

Ivan Kisel, Uni-Frankfurt, FIAS, GSI

PANDA Collaboration Meeting, GSI, 25.06.2013

712



KF Particle: Reconstruction of Vertices and Decayed Particles

K Position, direction,
) State vector qum and energy ’

¥ r={xlylzlpxlpyrpzlE}

* Mother and daughter particles have the same

Y Lt state vector and are treated in the same way
* Geometry independent
+ Kalman filter based
+
¥ X, ¥, Z, Py Pys P2 E; M, L, €T
Constant 233.7
AliKFVertex PrimVix( ESDPrimVtx ); // Set primary vertex Mean 0.1943
/| Set daughters _Sigma 9.807

150
AliKFParticle K( ESDp1, -321 ), pi( ESDp2, 211 );

00
AliKFParticle DO( K, pi ); /I Construct mother

PrimVtx += DO; /I Improve the primary vertex

* 50

‘00
DO0.SetProductionVertex( PrimVix ); / DO is fully fitted

K.SetProductionVertex( DO ); /I K'is fully fitted
pi.SetProductionVertex( DO ); /I pi is fully fitted 0

50
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KF Particle provides uncomplicated approach to physics analysis (used in CBM, ALICE and STAR)



KF Particle: Functionality

ALICE,
Functions CBM STAR,

PANDA
Construction of mother particles + +
Addition and subtraction of the daughter particle to (from) the mother particle + +
+= and -= operators + +
Accessors to the physical parameters (mass, momentum, decay length, + +
lifetime, rapidity, etc)
Transport: to an arbitrary point, to the decay and production points, to + +
another particle, to a vertex, on the certain distance
Calculation of a distance: to a point, to a particle, to a vertex + +
Calculation of a deviation: from a point, from a particle, from a vertex + +
Calculation of the angle between particles + +
Constraints: on mass, on a production point, on a decay length + +
KF Particle Finder + +

KF Particle provides uncomplicated approach to physics analysis (used in CBM, ALICE and STAR)
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CBM: KF Particle Finder for Physics Analysis and Selection

Tracks: e, p*, nt, K%, p*
secondary and primary

( mbias: 1.4 ms; central: 10.5 ms )/event/core
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Entries

Entries

PANDA: Reconstruction of Strange Particles
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Summary

A first version of

¢ Cellular Automaton Track Finder
e Kalman Filter Track Fitter
e Kalman Filter Particle Finder

for the STT and MVD barrel detectors has been developed

Thank you!




