4]}

Karlsruhe Institute of Technology

Graph-Building and Input Feature Analysis for Edge Classification
in the Central Drift Chamber at Belle Il

ETP Meeting

Philipp Dorwarth, Torben Ferber, Lea Reuter, Slavomira Stefkova | 05" June 2023
Philipp.Dorwarth@student.kit.edu

La

KIT — The Research University in the Helmholtz Association WWW. kit.ed u



The Belle Il Experiment

SuperKEKB
® Asymmetric ete”
collider

® Y (4S) resonance
— B-factory

i ; <ionnoint | BElle Tl detector
collision point

. | Electron-Positron
[ | linear accelerator

Positron damping ring |

June 5, 2023

Philipp Dorwarth — Philipp.Dorwarth@student.kit.edu,
Graph-Building and Input Feature Analysis for Edge Classification in the Central Drift Chamber at Belle Il

AT

Karlsruhe Institute of Technology

Electromagnetic calorimeter (ECL):
Csl(TI) crystals, waveform sampling

K and muon detector (KLM):

Resistive Plate Counters (RPC) (outer barrel)
Scintillator + WLSF + MPPC (endcaps, inner barrel)

Magnet:
1.5T superconducting

electro,, S e
Trigger:

Hardware: < 30 kHz
Software: < 10 kHz

Vertex detectors (VXD):
2 layer DEPFET pixel detectors (PXD)
4 layer double-sided silicon strip detectors (SVD)

Particle Identification (PID):
Time-Of-Propagation counter (TOP) (barrel)
Aerogel Ring-Imaging Cherenkov Counter
(ARICH) (FWD)

Central drift chamber (CDC):
He(50%):CH, (50%), small cells,
fast electronics

DEPFET: depleted p-channel field-effect transistor
WLSF: wavelength-shifting fiber
MPPC: multi-pixel photon counterv
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The Central Drift Chamber (CDC) of Belle Il ﬂ(".
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® The L1 trigger system uses the following
mforrtnatlon from the CDC to identify relevant
events.

® Hit information

® ADC Count:

Pulse height information, referring to the deposited
energy

® 7DC Count
Timing information
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The Central Drift Chamber (CDC) of Belle Il ﬂ(".

® The L1 trigger system uses the following
mforrpatlon from the CDC to identify relevant
events.

W Hit information

® ADC Count:

Pulse height information, referring to the deposited
energy

® 7DC Count
Timing information
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Belle Il simulation (own work), (BGx1.0, early phase 3)
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The Central Drift Chamber (CDC) of Belle Il ﬂ(".
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Motivation
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Searches for displaced
vertices

® Displaced vertices are an
important signature in
searches for new physics’

stt
> 1.0 T T T
= FHE H# mp =1.0 GeV/c?
g »}@ My = 2.5 GeV/c2
£ o8 ;,“I,'{J{u F my=4.0 Gev/c? |
. = "}‘
2 B T s
o 1 2
£os Fhg
x = 1.121
% + %1% ma = 4my, = i/o GeV/c?
’}:H "}' ’.}‘W + Am = fmalgx
0.4+ J&' _
0.2t
0.0

1 Long-lived Dark Higgs and Inelastic Dark Matter at
Belle Il (arXiv:2012.08595)

Single displaced vertex
examples
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Project Goal:

Improve Track and Vertex
Finding using Graph Neural
Networks (GNN)
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GNN-Based Track- and Vertex-Finding Pipeline A\‘(IT

____________________________________________________

R .| CDCHits | _i - Graph ' Edge- ] Track Vertex
; ; Building | - Classification : Finding Finding

-

.......................................

GNN-based

. Track- and O o
' Vertex-finding '
. Pipeline @) O/O

_________________

< Incorporate signal hits and signal edges in the graph-building
-~ ldentify signal hits to reduce the input for the track finding
Limited computing resources for online application demand small neural networks
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GNN Based Track- and Vertex-Finding Pipeline A\‘(IT

Karlsruhe Institute of Technology
Focus of this presentation Focus of this presentation
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< Incorporate signal hits and signal edges in the graph-building

ldentify signal hits to reduce the input for the track finding

Limited computing resources for online application demand small neural networks
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Graph-Building - Approach

Graphs are built for each superlayer using layer pairs

Layer pairs are considered if within a distance of
Al=0,1,2

® Each node of a layer is compared with all nodes in the
corresponding layer

® Edges are built between nodes that meet defined
distance criteria

Graph building
per Superlayer
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Graph-Building - Approach ﬂ(".

| | | CICON -
® Graphs are built for each superlayer using layer pairs Q@ 00
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Graph-Building — Define Patterns S(IT
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Find the best suiting pattern for the GNN-pipeline.

Different patterns need to be investigated to understand importance of
connections in different wire and layer distances.

Model 01 Model 02 Model 04

- @060
@9 © 000 ) ( '@ @

] e ] B
PR " ER) o ®

Model 08

© 0 O
@ @

Model 09

Q
(RO

Model 10

© 0 O
0.0 0 0

®:5:-®
e @
© 0 o

@09
o6 o0
O

@ 09
o6 80
© 0 o

Philipp Dorwarth — Philipp.Dorwarth@student.kit.edu, . . . .
7 June 5, 2023 Graph-Building and Input Feature Analysis for Edge Classification in the Central Drift Chamber at Belle Il Institute of Experimental Particle Physics (ETP)



AT

Graph-Building — The True Graph, a Set of True Edges &= 2%

True graph edges are defined from the sequences of CDC-hits originating from
signal particles
® In this analysis, an approximation for the hit sequence is used

® CDC-hits are expected to be neighboring
® Tracks are expected to be mainly outwards going

Selection Distance matrix Connect with nearest neighbour
0 &, ... dy
) , . )
2, ... ... 0

{v;}: Nodes originating from the same signal Monte Carlo particle
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Graph-Building — Evaluation A\‘(IT
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Eventdisplay of the CDC with graph

e gty BOAAIAMNPIEES T edge, nase ® This analysis uses 30 000 simulated events
h' sutu- . . . .
ol A ® Uniformly distributed vertices, up to r = 100 cm
® Full background (nominal phase 3)
50
E f Nincl. t h edges )
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N Ntotal edges )
—100 s
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-100 -50 0 50 100
x (cm)
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Graph-Building — Evaluation
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® This analysis uses 30 000 simulated events
® uniformly distributed vertices, up tor = 100 cm
® Full background (nominal phase 3)

®m Efficiency increases by incorporating more edges with a
trade-off in purity

( )\
. Nincl. true graph edges
efficiency = Sapl o8
L Ntrue graph edges |
p
. Nincl. true graph edges
purity = Sap” e
N Ntotal edges y
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Edge Classification — The Interaction Network ﬂ(".

7 nodes,edges .
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1 Performance of a geometric deep learning pipeline for HL-LHC particle tracking
2 Interaction Networks for Learning about Objects, Relations and Physics
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https://arxiv.org/abs/1612.00222

Edge Classification — The Interaction Network ﬂ(".

Update edges

(vi,vj, 1) > 1%
7 nodes,edges N\ .
A DO ) S Interaction Network i
Edge Block Aggregation Node Block Edge Block
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1 Performance of a geometric deep learning pipeline for HL-LHC particle tracking
2 Interaction Networks for Learning about Objects, Relations and Physics
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Edge Classification — The Interaction Network ﬂ(".

Update edges
______________________ ( Vi, vj: rk) - T]é
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o A{ut A} Interaction Network “; i
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Aggregate neighboring edges

-
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1 Performance of a geometric deep learning pipeline for HL-LHC particle tracking
2 Interaction Networks for Learning about Objects, Relations and Physics
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Edge Classification — The Interaction Network ﬂ(".

Update edges Updated nodes
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1 Performance of a geometric deep learning pipeline for HL-LHC particle tracking
2 Interaction Networks for Learning about Objects, Relations and Physics
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Edge Classification — The Interaction Network ﬂ(".

Update edges Updated nodes
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1 Performance of a geometric deep learning pipeline for HL-LHC particle tracking
2 Interaction Networks for Learning about Objects, Relations and Physics
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Edge Classification — The Interaction Network ﬂ(".

Update edges Updated nodes
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(®m Input features: x,y, TDC, || AA99regate neighboring edges Classify edges
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1 Performance of a geometric deep learning pipeline for HL-LHC particle tracking
2 Interaction Networks for Learning about Objects, Relations and Physics
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Input Feature Analysis - Methodology AT

® The aim of this study is to obtain
insights into the ADC and TDC
distributions and compare the
simulation with Data

® Own simulation: ete™ -» u*tu~
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Input Feature Analysis - Methodology AT
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Input Feature Analysis - Methodology AT
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Input Feature Analysis - ADC ﬂ(“.
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® [nput feature analysis and MC/Data comparison of dimuon events
®ete” > utu”

107 ¢
1 Simulation (run-dependent): ee —» uu, track
6l Belle Il own work 1 Simulation (run-dependent): ee - up, bkg
10° ¢ ) . . | Data: exp 24 run 888, track
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Input Feature Analysis - ADC
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® Input feature analysis and MC/Data comparison of dimuon events
Bete > utu~

107 ¢

106 |

10°

entries / (1.0 ADC count)

102 L
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101g
100
10-1L

data/MC

12

104 L

103 L

Belle Il own work

skim: accept_mumutight, I1 bits: ['I1_stt']
TDC cut: [4256,5024] &my, > 8 GeV/c?
Cut: PID > 0.9 & 6: (32.2 °,128.7 °)
[rdt=36.802pb~1

1 Simulation (run-dependent): ee —» uu, track
[ Simulation (run-dependent): ee - uu, bkg

| Data: exp 24 run 888, track

| Data: exp 24 run 888, bkg

ndata/nsim (hitS)Z 1.014
ndata,sig/nsim,sig (hits): 1.003
Ndata, bkg/Nsim, bkg (hits): 1.018
NdatalNsim (tracks): 0.994

Tt ——.
) N""‘“‘-»"’"-w»_“ '
. . ﬁ'ww""‘"ﬂ*'ﬁ'm.w f
Signal region mv-.»..-.wmf.' ~ i
] I .I ] !
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Edge Classification - ADC ﬂ(".

® Input feature analysis and MC/Data comparison of dimuon events
Bete > utu~

Data and MC Comparison

® ADC and TDC are discriminatory and provide orthogonal information

® Simulation must be possibly adjusted to align more strongly with the
data for training of GNN-Pipeline

Philipp Dorwarth — Philipp.Dorwarth@student.kit.edu,
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Edge Classification — CDC Edge Prediction ﬂ(“.

Belle Il simulation (own work), (BGx1.0, nominal phase 3)

GNN edge prediction

edge
e hit

100

50

Karlsruhe Institute of Technology

® Training with a train set of 24000 simulated events

® Independent models are trained for each graph-
building pattern

Use of full background level

Input features: x,y, TDC, ADC

Edge attributes: Ar, A¢

IN consist of 1987 trainable parameters
Threshold is obtained by maximizing the F1 score

o class. true edge pur. X class. true edge eff.

true_edge — < 7o true edge pur. + class. true edge eff.

Nincl. pred. true edges Nincl. pred. true edges
class. true edge eff. = P . class. true edge pur. =
Nincl. true edges Ntotal predicted edges

Graph-Building and Input Feature Analysis for Edge Classification in the Central Drift Chamber at Belle II Institute of Experimental Particle Physics (ETP)
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Edge Classification — True Graph Edges

. B Simulation,e*e~ - A'h', h'»u*tu-
% 0.74| Bellell (own work) BGx1.0, nominal phase 3
< o072}
=3 |AWpax| = 1 for Al = 2
| S
O 0.70
() I n “— No edges for Al = 2
>
= 068 «
) [ | AWy 05| = 0 for Al = 2 \
9D 0.66 |-
S +
(@)
c 0641 + /
S ¥
8 0.62 - ¢
e
060||1|||
"0.35 0.40 0.45 0.50 0.55 0.60 0.65 0.70
median class. true graph pur.
Model 01 Model 02 Model 03 Model 04 Model 05
\/ \ Q9 o 1) \ Node with all
e 0 0 09 ‘9@ o000 connections
] o :
o0 oo o0 @ @ oo o0
AN / 0o

Model 06
)

XX,
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model 01
model 02
model 03
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model 05
model 06
model 07
model 08
model 09
model 10
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® Efficiency and purity of the estimated true
graph after edge classification

® Al = 2 connections influence purity

Nincl. pred. true graph edge
class. true graph eff. = P £rap? oce
TMlincl. true graph edges

—lo

Nincl. pred. true graph edge

[class. true graph pur. =

—le J

TNtotal predicted edges

Institute of Experimental Particle Physics (ETP)
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Edge Classification — True Graph Edges

. B Simulation,e*e~ - A'h', h'»u*tu-
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model 01
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® Efficiency and purity of the estimated true
graph after edge classification

® Al = 2 connections influence purity
® Al = 0 connections influence efficiency

Nincl. pred. true graph edge
class. true graph eff. = P £rap? oce
TMlincl. true graph edges

—lo

Nincl. pred. true graph edge

[class. true graph pur. =

—le J

TNtotal predicted edges
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Edge Classification — Clean-Up

Belle II simulation (own work), (BGx1.0, nominal phase 3)

GNN edge prediction

AT

Karlsruhe Institute of Technology

Belle Il simulation (own work), (BGx1.0, nominal phase 3)

edge

GNN node prediction
e hit

100 100 L
50 50
E)_ 0 LE) 0
> -
50} —-50r
1.0 c
S
—100F} > & —100 - purlty —
0.0 3
Z100 50 0 50 100 150 50 0 50 100
x (cm) x (cm)
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e selected hit

Keep any hit with an
associated edge
exceeding the threshold

. Nincl. true nodes
efficiency =

Ntrue nodes

|

Nincl. true nodes

9 Nnodes

|

Graph-Building and Input Feature Analysis for Edge Classification in the Central Drift Chamber at Belle Il

Institute of Experimental Particle Physics (ETP)



Edge Classification — Clean-Up ﬂ(".

Belle Il simulation (own work), (BGx1.0, nominal phase 3)

0.90 .
Belle Il (own work) gi(anXLfll.aéfoﬁési;ael ,_)h_a)sA;Ig,‘ h'-»utu- GNN node prediction e selected hit
o 085f +  model 01
& @ ¥ model 02 100l
O o080k model 03
5 oo @ # model 04
) model 05
g 078 -+ 4+ model 06
c - model 07
G o7or #  model 08 50
5 e —— model 09
2 oesf 4 model 10
0'60 Il Il 1 1 1 | Il —_—
0.60 0.62 0.64 0.66 0.68 0.70 0.72 0.74 £
median node purity i 0
_ _ fici __ MNincl. true nodes
® model 10 and model 8 achieve both high o CHICIeNCY =
eﬂ:ICIency ntrue nodes
® Trade off between purity and efficiency Ty e———
u Purity and efficiency can be adjusted with the -1} ¢ purity = -
threshold for each model — N Nnodes
® High computational complexity

—-100 -50 0 50 100
x (cm)
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Online Application — Limitations

Precision:

PyG employs high-precision (32
Bit) operations.

For FPGA, lower precision
arithmetic may be needed,
potentially affecting network
accuracy.

Resource
Consideration:

Space multiplexing, used over
time multiplexing, increases
FPGA resource usage.

The size of the IN and input
graphs directly impacts
resource usage.

Memory Limitations:

FPGA memory is limited and
reliance on external memory
can increase latency.
Optimizing input graphs and
neural network model sizes is
key for low latency.

AT

Karlsruhe Institute of Technology

Input Resolution:

Anticipated reduction in input
feature resolution may require
modification in data processing
techniques and consideration of
relative information.

Limitations when comparing PyTorch Geometric to the implementation of FPGAs

16 J 5. 2023 Philipp Dorwarth — Philipp.Dorwarth@student.kit.edu,
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Online Application - Adaption and Mitigation ﬂ(".

GNN edge prediction —— edge

e hit

100

50

y (cm)

_50 -

—100

edge prediction

-100 -50 0 50 100
X (cm)

ili — Philipp. t.kit.ed
June 5, 2023 Philipp Dorwarth — Philipp.Dorwarth@student.kit.edu,

Karlsruhe Institute of Technology

@ Resolution Reductions:
® Limited CDC sense wire information.

® TDC resolution drop (1 nsto 2 ns) &
absolute value becomes meaningless.

® Decreased ADC count resolution &
sampling rate.

@ Adaption Strategies:

® Using only trigger wires.

® TDC counts binned in twos.

® Remove TDC as input feature.
@ Mitigation Strategies:

® ATDC used as an additional edge
attribute.

® ADC counts are grouped into three
ranges.

Graph-Building and Input Feature Analysis for Edge Classification in the Central Drift Chamber at Belle II Institute of Experimental Particle Physics (ETP)
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Online Application — Results With Reduced Resolution A\‘(IT

Efficiency and purity of the estimated true
graph after edge classification

1.947 trainable parameters
Input features: x, y, ADC (reduced resolution)

Edge attributes: Ar, A, ATDC (reduced
resolution)

Philipp Dorwarth — Philipp.Dorwarth@student.kit.edu,

median class. true graph eff.

0.60
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Online Application — Results With Reduced Resolution &= 2.5,

®m Efficiency and purity of the estimated true
graph after edge classification

@ 1.947 trainable parameters 080 T MEOTEE
® Input features: x,y, ADC (reduced resolution) w | Bellell(ownworl BGx1.0, nominal phase 3
® Edge attributes: Ar, A¢, ATDC (reduced S 058} +  model 0
resolution) o | ¥ model 02
[e)) | model 03
g 0.56 | O 4 model 04
= model 05
. ; i 4 model 06
» A drop of approximately 10 pp. 4 o= ; t ¢ maseo
(&) mode
Atrade-off between efficiency  So.f | . % modal 0
. (O]
and purity EL
05830 035 040 045 050 05 060

median class. true graph pur.

» Adjust to the needs of track-
and vertex finding

Philipp Dorwarth — Philipp.Dorwarth@student.kit.edu,
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Summary & Outlook ﬂ(".

PR recHE LT S G L A TEge — R
] Building - 7l Classification | = 7 Finding | . Finding

_____________________________

______________________________________________________

GNN-based

' Track- and O O
' Vertex-finding ! :
. Pipeline | O o© | i

Summar Outlook
oL : Working together with ITIV (Department of Electrical Engineering and
. DeV_e|0ped grgph-bun(_:hng models for effective capture of Information Technology at KIT) to implement the GNN-pipeline on
particle track information FPGA for real-time application
® |dentified crucial edges for performance measurements ®  Firstimplementation of graph building

® Detailed analysis of the subsequent performance of the IN on hardware

® Achieved encouraging results in edge classification and il et oS (or e o e

CDC clean-up offline and online

® This study and related studies have encouraged the Belle I Further Work
collaboration to make ADC and TDC information available
on the trigger level

® Devised additional metrics for graph-building
® Introduced metric to compare patterns after classification
® Studied computational complexities of various graph-patterns

Philipp Dorwarth — Philipp.Dorwarth@student.kit.edu,
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Selection

® Skim: accept_mumutight

® L1 Trigger bit: “stt”

Events with two reconstructed tracks
® each with a Muon PID > 0.9

® 0 =[32.2°128.7°] (barrel region)

® Dimuon mass cut: (m,, > 8 GeV/c?)

TDC_{CDCHit} < 5021

Order No Selection

Data (exp 24, run 888)

MC (simulation)

1 Theta cut 0.764 0.755
2 L1 selection stt 0.949 0.996
3 Dimuon track selection 0.878 0.955
4 Dimuon mass cut 0.947 0.998
5 PID cut 0.944 0.955
Total efficiency 0.569 0.684

June 5, 2023 Philipp Dorwarth — Philipp.Dorwarth@student.kit.edu,
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Input Feature Analysis - Track Properties ﬂ(".

6000 F , , 600
L1 Simulation (run-dependent): ee - imulation (run-dependent): ee -, p~ . . . .
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U =20 L =20 p ata: ex run N . H H
E 4000 E’ 400 F I gata: exz ;: run gggz* In.Slg.htS .|nt0 the ADC and TDC
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> = simulation with Data
2 2000F 8 200
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s 1 - 1 1 1 distributions shows good
c c 0 4
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Belle Il (own Work) [1 Simulation (run-dependent): ee - uu, U~  simutation P dent) -
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< 103F - ] .
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ADC and TDC 2D Comparison

TDC count /(1.0 ADC count)

TDC count /(1.0 ADC count)

Signal region
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ADC and TDC 2D Comparison
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Patterns For Displaced Vertices

superlayer 2 — 9

® Two parameters
define the patterns
in the CDC

® |ayer distance Al
® wire distance Aw

23 June 5, 2023 Philipp Dorwarth — Philipp.Dorwarth@student.kit.edu,
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Online Application — Limitations

Precision:

PyG employs high-precision (32
Bit) operations.

For FPGA, lower precision
arithmetic may be needed,
potentially affecting network
accuracy.

Resource
Consideration:

Space multiplexing, used over
time multiplexing, increases
FPGA resource usage.

The size of the IN and input
graphs directly impacts
resource usage.

Memory Limitations:

FPGA memory is limited and
reliance on external memory
can increase latency.
Optimizing input graphs and
neural network model sizes is
key for low latency.

AT

Karlsruhe Institute of Technology

Input Resolution:

Anticipated reduction in input
feature resolution may require
modification in data processing
techniques and consideration of
relative information.

Limitations when comparing PyTorch Geometric to the implementation of FPGAs
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Online Application — Estimate Computational Complexity ..

model total FLOPs (MFLOP)

® Floating Point Operations (FLOPs) measure

01 20.23 + 0.05 :
m lonal workl
0 33,94 1 0.08 computational workload
03 24.79 + 0.06 ® They may not reflect actual FPGA
04 34.03 + 0.08 performance!
05 38.51 + 0.09 ® Model 10 shows slightly better node efficiency
8(75 g;ﬁ i 8'(1)2 but comes with highly increased
08 4615 + 0.10 computational complexity
09 50.53 4+ 0.11
10 59.97 + 0.14

Philipp Dorwarth — Philipp.Dorwarth@student.kit.edu,
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