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Big data in the world
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Multi-layer perceptron (MLP)
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Convolutional neural networks (CNNs)
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Graph neural networks (GNNs)
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From: https://theaisummer.com/Graph_Neural_Networks/
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Light quark jet
Gluon jet

Graph Neural NetworkZzHU\fzb-tagging

H->bb (EYJ A% FDERIE) DLOIBIAZE : b-jetD Al H 52
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g/0 =]
Jet Input Description
P Jet transverse momentum
i Signed jet pseudorapidity
Track Input  Description
q/p Track charge divided by momentum (measure of curvature)
drp Pseudorapidity of the track, relative to the jet n
de Azimuthal angle of the track. relative to the jet &
dy Closest distance from the track to the PV in the longitudinal plane
g Sin @ Closest distance from the track to the PV in the transverse plane
xigfp) Uncertainty on g,/ p
o (4) Uncertainty on track polar angle #
a($) Uncertainty on track azimuthal angle & e E
s(dn) Lifetime signed transverse [P significance 83
s(zn) Lifetime signed longitudinal IP significance ==
nPixHits Number of pixel hits £
nSCTHits Number of SCT hits
nlBLHits Number of IBL hits Combined
nBLHits Number of B-layer hits Inputs
nlBLShared  Number of shared IBL hits
nlBLSplit Number of split IBL hits k 1
nPixShared ~ Number of shared pixel hits trac +J et
nPixSplit Number of split pixel hits
n3CTShared  Number of shared SCT hits
nPixHoles Number of pixel holes
n3CTHoles  Number of SCT holes
leptonlD Indicates if track was used in the reconstruction of an electron or muon (only for GN1 Lep) |
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Light-jet rejection
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b-jet tagging efficiency
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(arXiv:2212.08759, Accepted by the “NeurlPS 2022 ML4PS Workshop”)

Decay-aware neural network

Bid771 030K > Bl RyTH (Vertexsh)

(6,128) (6,128) (6,128)

—-——— -

4

_____________

P 3 :<> - Event classification
o 1o @ 3 task
S—» (590 O )
° '@ ] = Signal or
< 1 .

. ! Background
x o (128) (@ ! g

_____________

Inputs Feature1 module Feature2 module
Node —» 9 o ?D_J | o
Edge —» —>» | c| 3T > |43
: DY |
| HEe :
‘\(6,128) (6,128) (6,128)_/ +(6,128) (6,128) (6,128)
(#0of objects, # of features)
=(6,5) A
5@
' 8@ O
. ' =) ,Q_)..
GAT: Graph attention layer — > B3
BN: Batch normalization layer =

____________________________

Auxiliary task

Predict edge labels

. (36,256) (36,128) (36,128) (36,6)

____________________________

| v b1 bo d2

| 0 1 3 3 é 4
\Y 1 0 3 3 4 4
by 3 3 0 1 4 4
b, 3 | 3 1 0o 4 4
Iy 4 4 4 4 0 1
@ 4 4 4 4 1 0

Label matrix based on decay chains

0.89 A

0.88

AUC

0.87 -

0.86 A

2HDM dataset

~3% improver

—8— Decay point label
Random label

ment

0 10 20 30 40 50

alpha(Q)

Loss = L (event classification)
+ a* L (auxiliary task)
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Scaling Laws

Scaling Laws for Neural Language Models
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Transformer
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