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Straightforward...
= But still hard
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A couple of examples...
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A couple of examples...

PELICAN: Permutation Equivariant and Lorentz

Invariant or Covariant Aggregator Network for
Particle Physics

Alexander Bogatskiy Timothy Hoffman
Center for Computational Mathematics Department of Physics, University of Chicago
Flatiron Institute, New York, NY, US.A. Chica,
abogatskiy@flatironintitute.org hoffmant

Jan T. Offermann
ity of Chicago ~ Department of P! s, University of Chicago
Enrico Fermi tute Enrico Fermi I te
Chicago, IL, US.A. Chicago, IL, US.A.
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Equivariant Energy Flow Networks for jet tagging
Matthew J. Dolan!:* and Ayodele Ore!:t

for Dark Matter Particle Physics,
School of Phy 3 y of Melbourne, Victoria 3010, Australia

An Efficient Lorentz Equivariant Graph Neural

Network for Jet Tagging

Shigi Gong®“! Qi Meng” Jue Zhang” Huilin Qu° Conggiao Li? Sitian Qian? Weitao
Du® Zhi-Ming Ma“ Tie-Yan Liu”

Semi-Equivariant GNN Architectures for Jet Tagging

Daniel Murnane!, Savannah Thais?, Jason Wong?

Many more..
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End even builds on...
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(c) Class Attention Block
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Lblocks
A

Class token (O)
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(b) Particle Attention Block

Qu, et al.
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Particle
Attention
Block

Original network

Kelass

MLJets 2022

(c) Class Attention Block

Congqiao Li
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Building Invariant
Polynomials
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Transform, and then feed...

l. Perform a geometric transform

arXiv:2207.08272v2
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Iransfarm, and then feed...

N
Anik = Z Qn(pLi, EL s, &) e v

i 1=1
§ Qn(ELi,p1,i) = Bn(PLi)log(l+ E, ;)
& %

Boost Invariant Polynomials Jose M Munoz ML4JETS-2022



Transform, and then feed...

2. Compute a one particle basis

N
Anik = Z Qn(pLi, EL s, &) e v
o

Qn(ELi,p1,i) = Bn(PLi)log(l+ E, ;)
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Transform, and then feed...

3. Symmetrize the basis

arXiv:2207.08272v2

52
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Iransfarm, and then feed...

3. Symmetrize the basis

arXiv:2207.08272v2
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Transform, and then feed...

3. Symmetrize the basis

k(o) = JO+ZJ0.+ZJ,JU,UJ+ZJ.JA0,0J(I&+

i,7 1,7,k

arXiv:2207.08272v2

Kadkhodaei, et al.
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Transform, and then feed...

3. Symmetrize the basis

NN

k(o) = Jo + ZJ,G, - ZJ,JG,UJ - Z Ji j k0i0;0k + -

i,7 1,7,k

arXiv:2207.08272v2
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Transform, and then feed...

3. Go and select 1invariant 1indices

v N
Anik = H Z Qn(pLi, Bl &) Pie My

=1 i=1

arXiv:2207.08272v2

D el + kel +n <T
=1
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Gives versatility... at some price

arXiv:2207.08272v2
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Gives versatility... at some price
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BIP(XGBoost)
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TopoDNN [32]
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log(# of parameters)

Jose M Munoz

107

ML4JETS-2022



—
o
Q
o
o
Q
= Background
o
O
Q
©
A =
Q ) g
i e R N
o0 B X . gyl
=
N~
3 Umap Componen 2
x
S
(4]

Learning Lower in lower dimensions
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Why does it works?

Background Signal

2207.08272v2

arXiv
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|s the frame telling something? @

Jet axis Beam Axis
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0.6 0.8 1.0 ' ’ ’ .
Output probability Output probability
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Was e
thot interpretability?




You can really fit a large amount of models...

ALl of them trained
using the same
basis size.

312 Features in the
BIP Basis

arXiv:2207.08272v2

Ensemble

Random Forest
Neural Network
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Background

feature_106 feature_106
feature_8 ‘ feature_31
feature_33 ‘ feature_8
feature_83 ‘ feature_270
feature_108 ‘ feature_69
feature_270 feature_83
feature_271 feature_108
feature_66 ‘ feature_4
feature_31 feature_33
feature_6 feature_271
feature_156 ‘ feature_2
feature_277 . feature_144
feature_85 - feature_269
feature_35 feature_293
feature_144 ‘ feature_85
feature_69 ’ feature_35

feature_7 feature_75

feature_145 feature_61

arXiv:2207.08272v2

feature_21 feature_66

feature_269 feature_37

B/ 2 0
Model output value Model output value
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Extraction of symbolic relations

Most important feature

v N
Anik = H ZQn(pJ_,iaEL,iagi)eil(Pie_Akyi

A166 — AIOO ) AlOO ) AOOO

arXiv:2207.08272v2
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Extraction of symbolic relations @%

Most important feature @wé .

N
Ai66 = {Z By(pL,)log(1+ EL,i)eiO%e_’\Oyz’] :

1=1

N
[Z B, (ﬁj_z) log(l + EL,i)eiO%e—)‘Oyz] _

1=1

N
' [Z Bo(p i) log(l + EJ_’i)eiOSDie—)\Oy,i]

1=1

arXiv:2207.08272v2

52
52

Boost Invariant Polynomials Jose M Munoz ML4JETS-2022



Extraction of symbolic relations %ﬂ%

Most important feature @ﬁé

N
Importance of . [ZBI<]5J_,i> log(1 + EL,i)eiOWie—AOyz'].
edge i=1

information! N | .
[Z By (ﬁj_,i) 10g(1 + EJ_,i)el()(Pz‘e— yi] .
i=1

7 AL

N
‘ [ Z Bo(p i) log(l + EJ_’i)eiOSDie—)\Oyi]

1=1

arXiv:2207.08272v2

PLi 4 5) log(1+ EL ;)
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Experiments on ParticleNet and LorentzNet

-> Two baseline networks studied ParticleNet & LorentzNetqse:

< how to combine pairwise features + additional patch network to the baseline
network?

=> ParticleNet: integrate pairwise features into the network according to the
intrinsic k-NN pairs

EdgeConv block

) scighixurag
» nodes fonn
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embedding
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Jutlooks!
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http://bit.ly/2Tynxth
http://bit.ly/2TyoMsr
http://bit.ly/2TtBDfr

arXiv:2207.08272v2

Conclusions

e Should we rethink which invariances
to include?

e Feasibility of highly efficiency in
jet descriptions.

e [Extraction of symbolic expressions
out of the features.

e C(Classifier independent invariant
representations
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Outlooks

e Explore addition of high level
variables.

e Explore automatic subgroup

3 invariant selection.

o

2 e Automatic symbolic extraction.

g e Different processes”

§ e Extrapolation capabilities of

® the multiple classifiers.

% %
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How deep could one go?

Output Multi-head attention
Probabiifies

(o
>
(&
N~
N Inputs
w (shifted right)
S Concatenating
Y Tweet Features
N~
o
m AlnputGrap‘h Retweet
N with connections count
> among actors
o
x of Fully
<= Graph Graph Connected
S Convolution Convolution - Layer

Layer Layer

S5
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HANKS!

Ask me Anything

1250 003-77156.8 1760 0009-14563.7
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F({Ei,pi,&}i) =D wnikAnik,

nlk

— Probability
Score




.f({-’lTi}zi) = fo + Z fi(z;) + Z J2 (4’171'1,4131?-_,)




Calibration plots (Reliability Curves)

o
o

Fraction of positives
14
»

Perfectly calibrated
—&— Classifier
0.4 0.6 Precision-Recall Curve
Mean predicted value

c
=}
(]
o
@
&

— Precision-recall curve of class 0 (area = 0.980)
~— Precision-recall curve of class 1 (area = 0.971)
= = micro-average Precision-recall curve (area = 0.978)




ROC Curves

True Positive Rate

SHAP Top-25 important features

feature_144_sum_feature_106
= ROC curve of class 0 (area = 0.98) feature_269_sum_feature_83
—— ROC curve of class 1 (area = 0.98) feature 106
= = micro-average ROC curve (area = 0.98)

feature_272_sum_feature_2
= = macro-average ROC curve (area - = -
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feature_66 -fil Leamer 1

feature_269 n ke Learner 2

feature_269_sum_feature_82 f = Leamer 3

feature_150 Learner 4

feature_61 Learner 3

0.2 0.3 0.4 0.5 0.6
mean(|SHAP value|) average impact on model output magnitude
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