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B-jet selection optimization Google Colab Notebook here!

https://colab.research.google.com/drive/1pritb-
gqPGV6TnneKSxjyvg07IwkvNe2a#scrollTo=2-D-
Ocy9Txf &forceEdit=true&sandboxMode=true

Lecture notes about GNN from Stanford Univ.
https://web.stanford.edu/class/cs224w/
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0. PyTorch & GNN

* torch.nn.Module

class MyModule(nn.Module):
def __init_ (self):

9 9 9

Define layer structure

9 9

pass
def forward(self, x):

9 9

Return layer output

9 9

pass

() Copy code

t torch
t torch.nn as nn

port torch.nn.functional

(nn.Module):
(self, in_features, out_features):
super(GraphConvolution, self).__init__()

self.linear = nn.Linear(in_features, out_features)

(self, x, adj_matrix):
X self.linear(x)
X torch.matmul(adj_matrix, x)

return X

(nn.Module):
(self, input_size, hidden_size, output_size):
super(GCN, self).__init__()
self.gcl GraphConvolution(input_size, hidden_size)

self.gc2 GraphConvolution(hidden_size, output_size)

(self, x, adj_matrix):

= F.relu(self.gcl(x, adj_matrix))

X
X

= self.gc2(x, adj_matrix)

return F.log_softmax(x, dim=1)




0. PyTorch & GN

* GNN

N

Many kinds of GNNs there are...

Attention
Aggregator

___________

Propagation
Step

\ Gate L
e
1

(T T s \
\ Skip :
| connection |

February 6 2024

i Spectral
S | V Network a2
Graph ("o - B
B . 1 Spectral Methods
Convolutional §*------- ’ \L ChebNet
Networks > ----- S i
\ . _SE)a_ti_a_l ) [ Molecular
! “~a Non-spectral Convolutional MoNet
’ < Network
Graph Attention Mookt -
Networks DCNN
o Gated Graph SacE
(™" &rU ‘l, Neural Networks
pr— . (=== v v Tree LSTM
LLSTM | L A
"""" "> GraphLSTM < ________
; \'f Graph | __
v Highway GNN e * Graph LSTM
e ~
1 Text |
Jump Knowledge @ ‘-------- ~a  Sentence
Network LSTM

Inha Univ. ML Winter School Choi Changhwan




1. Introduction

Jet flavor tagging
Traditional methods

Neural networks
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1. Introduction
* Jet flavor tagging

. Identifying which flavor(bottom, or ) of parton
is responsible for the jet production.

(light = u, d, s quark & gluon)

Physical phenomena vary depending on the flavor of quark.
e.g. dead cone effect, longer lifetime of heavy-flavor hadrons

These can be studied through observables such as

DCA(track impact parameter), secondary vertices, momenta,
the number of jet constituents, etc..
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1. Introduction

* Traditional methods
* |P (Impact parameter)

70N\
&
r e\
/ \

e SV (Secondary vertex)
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ALICE simulation PYTHIA8
pp Vs =5.02 TeV
Charged-particle jets, anti-k,
R=04, In]ell <05
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1. Introduction

* Neural network
: Many recent studies using NN for jet flavor tagging are ongoing,
and they show improved performances compared to previous methods.

Many different types of neural networks

: DNN, GNN, RNN, CNN(image), ...

In this research...
— Secondary vertex finding using Set2Graph NN,
and jet flavor tagging using Graph Neural Networks (GNN)

(Reference: J. Shlomi et al., Eur.Phys.J.C (2021) 81:540)
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1. Introduction

* Graph (discrete mathematics)
: Sets of Nodes connected by Edges.

In this research, A Graph represents A single Jet, Nodes correspond to Tracks(jet constituents),
and Edges correspond to Connections between tracks originating from same vertex.

1 @ 4 1 @ 4

o 0 0 0 0 0O o 1 0 0 O
3 2 O 0 0 0 O 3 2 0 0 O

o 30 0 0 O () 30 0

40 0 0 0 0 O 40 0

® 6 0 0 0 0 O ® 6 0 0

6 6
a directed graph representation a cluster graph representation
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2. Neural network & dataset

Neural network structure
Vertex finding (Set2Graph NN)
Jet flavor tagging (GNN)

Dataset specification
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2. Neural network & dataset

* Neural network structure Vertex finding
Jet (SetZGraph NN) clasggi%?itlon_) Partition
o Target
.V findi = \ * : Clusters of tracks
ertex nnding o | S from a same vertex
- S
: Set2Graph NN e =
b e ¢
— Grouping of tracks originating from a — — g
. ] ]
common (primary or secondary) vertex = —>
o Hidden ntracks(ntmks. —-1) MgactsMas — 1)/2
Pigacks X Hinput ;fpr:sglg:z:on Trécdl; ep:)lrs Edge scores
. Edge
* Jet flavor tagging prediction aroet
. . vertex arge
: GNN that takes hidden representations finding *E\ - Jet flavor (b, ¢, or light)
of tracks and vertex prediction by vertex — 0
finding module as input. - N iﬁ - -
Miracks ><dinput &? - g (}traphk HlddEI: Sum MLP JCB?I?.SS
Deep ot Hldden networ! represena 0on preaiction
. . represenation
— Jet flavor (b, c, or light jet) Jet flavor tagging

J. Shlomi et al., op. cit.
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2. Neural network & dataset .

classification

~\

i

* Vertex finding
: Set2Graph NN

Input: Set of constituent tracks

— Output: Graph connecting tracks
originating from a common vertex.

Hdd tracks trac S_l —_
Misacks * Dinput repre;en?:tion ! T];a(cnk p;irs ) n'“‘%‘a(n"“ks L2
Niracks % dhiddcn (edges) ge scores
: set-to-set component
- Deep sets network track 1 @) track 4
® 0 0 0 0
track 3 O 0 0 O
[7: broadcasting layer ® 0 0
—> Node representations to edge representations 0 0
| . . wack2 @ ®
(Pairs of track i and track j) track 5
0 O
. e track 6
1: final edge classifier
— Edge prediction (MLP) a Matrix representation of an example output
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2. Neural network & dataset

* Jet flavor tagging prediceion
: GNN that takes vertex prediction result N
of vertex finding module as input. module \
R
= Bl —-—-
. [ o o
GNN (Graph Neural NetworkS) _><d\ S é / Graph Hidden Jet class
Mracks ™ @input . network represenation Sim Rk prediction
Deep set H1dden'
represenation
Input Output
: Graph consisting of Nodes(features of : The flavor of the jet (b, ¢, or light jet)
tracks and a jet) and Edge prediction by (softmax output)
the vertex finding module
b 04
0O 0 0 O
—I— 0 0 0.0 00 c 05 C'jet
0 O
0 O
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2. Neural network & dataset

* GNN structure (models/message _pass.py)

Deep sets

>
~

February 6 2024

track features

Inha Univ. ML Winter School

Vertex finding module

repr. between track 1 and 6

prediction by Set2Graph NN

ssentations

Broadcasting layer

Graph Convolution
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2. Neural network & dataset

* GNN structure (models/message _pass.py)

edge network

«u.‘ g
edge network output
S (D) 00D
</
»m

Linear RelLU Linear RelLU
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2. Neural network & dataset

* GNN structure (models/message _pass.py)

sum in one direction

" 1A
] P

Linear RelLU Linear RelLU
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2. Neural network & dataset

* GNN structure (models/message _pass.py)

sum in one direction

es Linear RelLU Linear RelLU Linear Softmax
BatchNorm BatchNorm

softmax - argmax — jet flavor!
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2. Neural network & dataset

* Training procedure Vertex finding
Jet (SetZGraph NN) clasfi?i%ition_) Partition
o Target
(1) Training (supervised learning) the = o ‘A ‘frgij:zrza":qgi‘;ﬁex
vertex finding module with MC truth s =

vertex information.

Batch size: 2048
Optimizer: Adam (Ir = 1073)

Loss function: BCE and Fy —> E
Early stopping: 20 epochs Hidden MiaeksMracks — 1) 178
Miracks X Dinput represelzitation Track pairs n"a%(si(gngascgéres)
. . . . Miracks . idden (edges)
(2) Training jet flavor tagging neural —
networks (including trained vertex e
. . . . prediction
finding module inside). — [ Target
Batch size: 1000 g : Jet flavor (b, c, or light)
Optimizer: Adam (Ir = 5x107%) =/ @é& —
- —3 =
Loss function: Cross entropy = - = v B
. > [ ] .
Early StOpplng: 20 epOChS Miracks * input @ N ? nE:}trv%I())Ir]k replrils,(ie(;llilrzion ol BEE p‘lf:t:i?i?isosn
Deep set S
represenation

Jet flavor tagging

* It is also possible to omit procedure (1). - shlomietal., op. cit
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2. Neural network & dataset

» Dataset specification

ALICE Run2 MC data

* PYTHIA pp collision, \/E = 5.02 TeV, bb (LHC18k6a), CC (LHC18k6b), jet-jet (LHC18b8) events

e ALICE (Run2) full simulation

Jets

e Anti-kt (R = 0.4), charged particle jets
* 10 < pr1jert < 100 GeV/c

* |77jet| < 0.5

* 2 < Ngracks

Dataset size
* Training 500 k jets, validation 100 k jets, test 100 k jets
» Dataset contains almost same numbers of b/c/light jets.

(smaller dataset will be used for hands-on.)
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2. Neural network & dataset

* Input properties

Jet properties

: PT,jets Njets d)jetr Mjet

(reconstructed) Track properties Track 3
: DCAyy, DCA,, p1, cot O, ¢, q |

Dataset << I

Track 5
II \

= |[nput data

= Label data (=correct answer)

19
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3. Training result



Prediction

Ratio to b-jet PY+EP

do/d [ ot (mb ¢/GeV)

3. Training result

* Performance metrics

—— LF PYTHIA
—— CPYTHIA
B PYTHIA
~ o CPYTHIA+POW
%Z& A'ii_ o BPYTHIA+POW

O!Eg&'uar?% 2094 ®

1

ch
p”m (GeV/c)

.9
.8
.7
.6
.5
4
.3
.2
1

Inha Univ. ML Winter School

(truth =x A pred = x)
(truth = x)
—> How many truth x are found?

» Efficiency(x) =

(Independent to the numbers of truth b/c/light jets)

(truth=xApred=x) epNp

* Purity(x) =

EpNp+EcpNs+HEILpN|
(&p: b-jet efficiency, €, fraction of mis-tagged truth x-jets among b-jet candidates)

—> How many of predicted x are true?

(pred = x)

(Dependent to the numbers of truth b/c/light jets)

*Purity is calculated on the assumption that jet cross-section ratio
asconstantb:c:l=1:2:27.(in temporary)
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Efficiency

3. Training result

* Performance

r (vertex trained) (not trained)
1.4~ ALICEMC pp Vs =5.02 TeV -¢-b-jet <=b-jet
I Charged particle jets c-jet c-jet
T Anti-k;, R=0.4 light jet light jet
1.2 1,1 <0525 Mo < 16 mean mean
1~
o8
0-5-‘**:+*++
E : A‘kigfﬁﬂ: +
0.45 - 4‘*%—
: D
0.2
I T N T N S N s F
q 30 60 70 80 90 100
p_  (GeV/c)
T, jet
SV method (ALICE)
> 10 T
o
S F ALICE simulation pp, p-Pb \s = 5.02 TeV, PYTHIA
© - charged jets, anti-k, R = 0.4, |77 |<05
5 1F Oy <0.03cm SLy,>7 E
g F " 88— — e @& +4‘.;j
S0l §
S E
>
w
2| |
10~ e g—aiﬂ:P:_!_;.—E
F g |
e e b-jets c-jets o light-flavor jets
107 ?+ PP o pPb E
10 20 30 40 50 60 70 80 90 100
reco vV,
pT, ch jet (Ge /C)
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Purity
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ALICE MC pp Vs = 5.02 TeV -4 b-jet (vertex trained)
Charged particle jets <-b-jet (not trained)
Anti-kr, R=0.4

Ir]jell <0.5,2=<n,,,=<16

fi*II++++++
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i
T

Purity
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b-jet SV-tagging purity 4
Accepted POWHEG configuration 3
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- Data-driven method
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o
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T, chjet

Inha Univ. ML Winter School

* B-jet efficiency is higher, purity is lower
than previous SV method.

e Efficiency and purity are complementary,
so both should be considered at the same
time.

— The optimization of working point
is needed to get higher purity b-jet result.

ALICE Collaboration, op.cit.
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4. B-jet selection optimization



4. B-jet selection optimization

* B-jet tagging discriminant

b pp =04
Threshold 3
(low eff, high pur)
Pb
¢ p.=05 D, = log
(1= f)pi + fepe
(f = 0.018, optimized parameter)
| p; =0.1 =
S
The ATLAS Collaboration, ATL-PHYS-PUB-2022-027 03_
(SOftmaX OUtpUtS) 3 1[ ATLAS Slimulation P‘reliminary I I e DL1rb'j<|elS —_— IGN1 b-jets |
© 10 V5 =13TeV DL1r c-jets GN1 c-jets
100_“, 20 <pr <250 GeV |85%WP ------- DLirljets ~ —— GN1/ets ]
107
107
10°
107
10*5 __________________________________ k_
107
10713 T R 0 5 1EI:; :il'h 1'5:h ldzig) 25
ERLLLLC R Efficiency

“if (Dp > threshold),

then it is a b-jet candidate.”
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Purity

4. B-jet selection optimization

* Efficiency and purity
(for the range pr jer = 50~60 GeV/c)

0.9

0.8

0.7

0.6

0.5

0.4

0.3

0.2

0.1

o
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a.u.

B-jet tagging
SV method

o
(V)

Efficiency
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Db
10° =
- b-jet
10 - .
= C‘Jet
L light jet
107 =
1072 =
10°
:I Lo I 1 LI I I 1 I 1 I I
-10 -5 0 5 10 15 20 25 30 35

» Both efficiency and purity are higher
than SV method at high purity region.
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4. B-jet selection optimization

* ROC (Receiver Operating Characteristic) curve
(for the range pr jer = 50~60 GeV/c)

ROC curve

III | | T W

ROC curve (b-jet)
X SV method
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TP Rate (efficiency)

* AUC (Area Under Curve)

:0.773

ROC curve

,"Threshold 3
, ‘ (low eff, high pur)

FP Rate

Choi Changhwan

Prediction

Truth
TP rate
__ (truth =x Apred =x)
o (truth = x)
FP rate
__ (truth # x A pred = x)
o (truth #x)
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4. B-jet selection optimization

* High purity working points

SV method (ALICE)

> 10;‘w‘j‘"l‘w""\‘“'w‘w"\“w”‘:
5 F ALICE simulation pp, p-Pb |sy = 5.02 TeV, PYTHIA §
© - charged jets, anti-k, R = 0.4, ]T’]etl <05
5 1F 65y <0.03 cm SL,>7 E
g’ F @SS S el es g ++:
£ - ]
S 107 =
g E 1
> F ]
) [ ]
102} fe s
F —o—— e : S|
o8 1
[ne® ]
_gfe— o b-jets c-jets o light-flavor jets
10 E | PP | 7 p\Pb | | | | E
10 20 30 40 50 60 70 80 90 100
reco V/
pT, ch jet (Ge C)
> e g
5 0.9F b-jet SV-tagging purity E
o e Accepted POWHEG configuration J
0.8 Rejected POWHEG configuration
F -e- Data-driven method 1
0.7~ 3
06F =
0.5 =
04f E
03F=t E
E =
0.2F E
E ALICE pp Vs =5.02 TeV B
01 SL,, > 7,0, <0.03cm E
S R Y N R DS Y I PR
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C vefflex finding trained 6:0=
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(* Not th

[ ALICE MC pp Vs = 5.02 TeV 1:0.=9.06, p = 31.8

[ Charged particle jets (25 @z Zggv g = ?g;

[ Anti-ky, A= 0.4 40=0882 B =7.03

= In 1<05 25 Ny, < 16 5:0=0910, f =3.25

veftex finding trained 6: 0 =0.490, B = 1.52
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3:a=1.06,p=127
4:0=0.882,p=7.03
5:0=0.910,p =3.25
6: o =0.490, g = 1.52

0

20 30 40 50

60 70 80 90 100
P o (GeVrc)

27



Thank you
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