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Part I: Background
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Jets in hadron colliders

“Ajetis a collimated shower of particles produced by the hadronization of a quark or gluon”

raw data from tracker & calorimeter
> reconstruct to particle records

)

4 .o . \
showering  hadronization — ¥
hadronic

decay
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Jet tagging

-> Jet tagging: determine the origin of a jet
-> Two jet tagging prototypes

(1) jet flavour tagging

b-jet heavy flavour tagging:

¢ jetsinitiated from a b/c/light
quark differ by constituent
multiplicity and trajectory

displacement

Displaced
secondary
vertex

R

b-quark light-quark (uds)

Light Quark jet Gluon Jet quark/gluon jet discrimination:

Different color factor o!o a quarkjet has more
\ Cr=j3 < Ca=3 \ constituent particles and is
more collimated to the jet axis
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Jet tagging

-> Jet tagging: determine the origin of a jet
-> Two jet tagging prototypes

(2) boosted jet tagging

b
-_—" i ; é
o

~. C

H/Z > bb H/Z > cc W > cq t > bW > bcgq
heavy flavour resonance tagging top tagging

¢ differs by (1) proneness; (2) existence of heavy flavour subjets (initiated by b/c quarks)
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View of a jet

outgoing particles Viewing jets on the n-¢ space

14 -
- .x‘:é:/ ‘/

S
N
A

”Q\ .
proton beams

Each particle carries features:
« four-momentum; or equiv. (E, pr, 17, @)

e particleID”*
« track displacement (for charged particle) *

*not necessarily exists
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Jet physics meets deep learning

“original of the
jet?

s R o ‘\‘"’

&
| s @ vy KT iy \“" "mo s 9
_ ,q)\’\/ % / \"“"y:‘; ‘ ‘ n y . .(/ ' .
5l ' ': XAL “ '
S Z \ \ ;; . \“
5 \ .‘,I"( 3 \
. / %'*Q“\‘ t ?
. . - \/ * ......
A jet: described . T ©
by particle-level other jet
(low-level) properties?

features

We are embracing a new era of mankind in which Al starts to reshape science and industries.
(the stage regarded as “The 4th Industrial Revolution®)
Future collider physics will be highly influenced by the advancement in Al and deep learning.
Jet physics is one of the entry points.
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Jet physics meets deep learning

Conggiao Li (Peking University)

Our research objective:
design a most performant deep learning
model dedicated to jet physics

IHEP EPD Seminar

Jet tagging algorithm respecting Lorentz group symmetry

build a

“smarter” Al

2 September, 2022

9



IHEP EPD Seminar Jet tagging algorithm respecting Lorentz group symmetry

Roadmap of DL model for jet tagging

-> DL model design draw from experiences in Computer Vision

Deep neural network
Input layer Multiple hidden layers Output layer

convolutional neural network (CNN) process images

— CAR
— TRUCK
— VAN

D D — BICYCLE

TN

FULLY
INPUT CONVOLUTION + RELU POOLING CONVOLUTION + RELU POOLING P FLATTEN o rerep SOFTMAX
FEATURE LEARNING CLASSIFICATION

conventional “deep neural network”
or multi-layer perceptron (MLP)

process fix-length input data
recurrent neural network (RNN) & LSTM

@ @ @ process “sequence” of input, e.g. sentences

Conggiao Li (Peking University) IHEP EPD Seminar 2 September, 2022
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Roadmap of DL model for jet tagging

The previous jet tagging model in CMS: DeepAKS8 algorithm
CMS, JINST 15 (2020) P06005

Jet tagging algorithm respecting Lorentz group symmetry

illustration of 2D convolution

% Building block

G) Convolutional NN sequence 3, /1, 32)

Z 3,11, 32)
(3, /1, 64)
‘7\

Input structure

881

[

5E ) n N

»S’s

Sy JJ JJ
L i o e O

point size P = 100
—_—

(kernel_size, /stride, n_feat):

~

o} Architecture

1D CNNs
— —
(3,/1,32)

1D CNNs

(3,71, 32)
(3,71, 64)

(3,7/2,128)
(3,71,128)

(3,71, 64)
(3,71, 64)

(3,72, 64)
(3,71, 64)

(3,71, 128)
(3,/1,128)

Input
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(3,/1,128)
(3,/1,128)

(Global average poolina ( Fully A
C] I c’ connected
(512)
: > : dropout p=0.2
2 0 T c=512
N AN J
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Roadmap of DL model for jet tagging

> Graph neural networks: view input particles as a set / graph

R/

“* guarantee the permutational invariance of input particles

Hierarchical trees: Fully connected graph Locally connected graph
Set: no edges . . . b rod
decay chain i.e, connect each node i.e.,, connect each node
jet clustering history to all other nodes only to neighbor nodes
k-nearest neighbors
® fixed radius
L X ‘ —2N
| static
*Q
°0
°®
°Q
analog to point cloud ’%
representation of 3D objects ( X .\. ) —

NAL
® . ?@f}/ (dynamically) learned
°0 7

JJ
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Roadmap of DL model for jet tagging

H.Qu, L.Gouskos. PRD 101 (2020) 056019
A powerful and popular model in the HEP community with a variety of applications

Aggregation overkneam \ Output features
L ( S —r— \ ::__.(:i.".‘;.';s.i;.‘..c}é;) ..........................
@-Op % ) :
H °

Goiman g Dkl i
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Linear transformations ¢ -c -

¢ Building block (
Edge features

Input features

o
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Fully
connected
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EdgeConv { (256) Output
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Roadmap of DL model for jet tagging

H.Qu, L.Gouskos. PRD 101 (2020) 056019

A powerful and popular model in the HEP community with a variety of applications

. e

Point cloud representation of jet
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Roadmap of DL model for jet tagging

H.Qu, L.Gouskos. PRD 101 (2020) 056019

A powerful and popular model in the HEP community with a variety of applications

Edge features
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i Edge features
.................. R build “edges” by finding k-nearest
_> o .
. 1% neare neighbours of each particle, and

./’f . gather features from them

.
------------------------------------------------------
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Roadmap of DL model for jet tagging

H.Qu, L.Gouskos. PRD 101 (2020) 056019

A powerful and popular model in the HEP community with a variety of applications

Linear transformations ¢ - ¢ - ¢? - ¢® Aggregatlon over k nearest neighbours
et} 16) o) . =
H 1s s "

| oo new features (dimension Gis)
l'ii' [ﬁl < % % % |

A\ Y,

then aggregate over k-
nearest neighbours

feature dimension C

do linear transformation
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Roadmap of DL model for jet tagging

H.Qu, L.Gouskos. PRD 101 (2020) 056019

138 fb" (13 TeV) 138 fb (13 TeV)
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application to VH>cC search application to SM boosted HH->4b search
Most stringent limit on H-c coupling to date First time excluding k,, = 0
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‘“Post-ParticleNet” DL studies

disclaimer: only shows a part of relevant works

-> Further study to enhance the jet tagging model mainly divided into two approaches

More advanced model physics-inspired design/modifications
LundNet
V. Mikuni et al. ERIC 2020; 135(6): 463 o0 G
ABCNet encoding a o F.Dreyer et al. JHEP 03 (2021) 052
seif- attention T oo Bk
RN coefficients T '
o . OIS T fix graph structure
softmax, @ , o 60 according to Lund plane;
> ® © _ use physics variables to
(S featt — .
o , build edges
S
add attention mechanism in
addition to graph convolution
(b) (c)
C.Shimmin. arXiv:2107.02908
ParticleNeXt H.0u. Talk@Ml 4/ets202] Particle Convolution Network
2;j
@é{xij \0 Filter channel 1 Filter channel 2
attentive pooling; N ‘:\ {D
multi-scale > Vs . :
aggregation; > o

~. T A < - . AP £ A D T A N 2
Q\ SREYY ‘_” 9 ‘é ~"3  Project onto Pi/‘\w\"-,*;’;;,"’/'4[“‘
W 'wWWI'\G S T & WY G W @ W

additional 2 = MLP(XI‘, Xj, xij) affm,-j = MLP(-QU) : rotated filters %

pairwise features wjj = softmax(attn;) e e dedicated n-¢
for edge 20 /

2; = Z(w; ¢;) =\ W ey "‘f\v/ convolution to preserve
n-@ rotational symmetry

small improvement or comparable performance w.r.t. ParticleNet, —
evaluated on two mainstream benchmarks |
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“Post-ParticleNet” DL studies

disclaimer: only shows a part of relevant works

-> Further study to enhance the jet tagging model mainly divided into two approaches
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Partli: LorentzNet
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o
Introducing LorentzNet

-> Design of LorentzNet makes a successful attempt

/7

% made up of fully-connected GNN

R/

% its outstanding performance largely comes from Lorentz symmetry preservation

R/

* (note: recently the record is reset by ParT which we discuss in p.51)

-> We'll first start our journey in LorentzNet,

then in the next part we try to answer a probabilty

broader question: Sofa
which role does Lorentz-symmetry play Decoding
injet tagging Dropout

Y
plt1 w1 T

r{ <_\ Average Pooling
P

[ nt
LGEB
[ ¢A{l ] [ bx ] ‘.”’. T hi-1 T xl=1
LGEB xL—1
1A x°

be )
'y o*
“‘
T o* Embedding
““ T

hl xl

:] MLP (] Sum Pooling O Minkowski Norm &

Inner Product

>

Scalars 4-momentum

Lorentz Group Equivariant Block (LGEB) Loren tZNet
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Graph neural networks

Layer N Layer N+1
<\ b fy b
/ d update d
1\ node —»edage
\ :“ Vn """"""""""""" g """"""""" fV """""" > Vn+1
| :
\ p V.~ E, P E >V,
En """""""""""""""""""""" f """""" > En+1
update E
edge —»node |
Message passing mechanism is update function f = @' yoeee

an important component of GNN pooling function o,
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®
LorentzNet architecture

[ pi+t [ a Construct edge features from
(1) scalars from two nodes
(2) Lorentz inner product from two vectors

= miy = de (Bl B, w(llat = abI?), w((at ah)) )
- ¢e \
= N

henceit’s a Lorentz scalar

’ | x' = Input Lorentz vector

D Minkowski Norm &
Inner Product

Layer N+1
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®
LorentzNet architecture

T pl+1 T i+t
7 Construct node features (vector):
| essentially the linear combination of all vectors,
o where edge features are “weights”
4

I+1 1 ! !
T, =T, TC E Cb:c(mij) &
J#1

Input Lorentz scalars 4— |hl | xt —> Input Lorentz vector

D Minkowski Norm &
Inner Product

ling

MLP C] Sum Po

Layer N

// U R S [T
to node —
V. oo (step:2). f0......q... f \ V.

Layer N+1
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Construct node features (scalar):

attentive pooling on all connecting edges

Wt = b+ op(hl,> wigmky)
j#i

Input Lorentz scalars <

Conggiao Li (Peking University)
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LorentzNet architecture

T plt1 T L+

»(D
"\
V'Y

MLP Sum Pooling 3 Minkowski Norm &

Inner Product

U oS U
n from edge\ f U P e
to node / -

72— (step-2) /... g f Npoeoomeen A
P Vn = En
E n e e e P “n+1

IHEP EPD Seminar

h! | x' = Input Lorentz vector

Layer N+1
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Jet tagging algorithm respecting Lorentz group symmetry
[ ]
Summary of architecture

=> Now let’s summarize the main architecture of
LorentzNet

% Graph neural network as backbone

¢ Fully connected

> i.e,all N(N — 1)/2 edges are computed

> ParticleNet use dynamic k-nearest neighbours to define TET %
®

edges (DGCNN), so it is not using the full pairs % _—%77

o
“* Fully Lorentz invariant/equivariant M .

* nodes can be grouped by either Lorentz scalars or vectors
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Performance

Top tagging benchmark [SciPost Phys. 7 (2019) 014]

Jet tagging algorithm respecting Lorentz group symmetry

Quark-gluon tagging benchmark [JHEP 01 (2019) 121]

1 1
Model Accuracy | AUC 1/en l/en Model Accuracy | AUC /eB /eB
(es =0.5) | (eg =0.3) (es = 0.5) (es =0.3)
ResNeXt 0.936 0.9837 302+ 5 1147 £ 58 ResNeXt 0.821 0.8960 30.9 80.8
P-CNN 0.930 0.9803 201 +4 759 £ 24 P-CNN 0.827 0.9002 34.7 91.0
PEFN 0.932 0.9819 247+ 3 888 + 17 PEFN — 0.9005 | 34.7+0.4 —
ParticleNet 0.940 0.9858 397 £ 7 1615 4+ 93 ParticleNet 0.840 0.9116 | 39.8£0.2 98.6 1.3
EGNN 0.922 0.9760 148 £ 8 540 £ 49 EGNN 0.803 0.8806 | 26.3+0.3 76.6 = 0.5
LGN 0.929 0.9640 | 124 £20 435 + 95 LGN 0.803 0.8141 8.30 15.2
LorentzNet 0.942 0.9868 | 498 =18 | 2195 + 173 LorentzNet 0.844 0.9156 | 42.4+0.4 | 110.2+1.3
i E : 103 =%
& '|’.t ----- LGN P, Y M St S LGN
. I‘ 1‘ P-CNN P-CNN
107 vy —-- PFN —-- PFN
'*‘ \'.'\-_""-,,.' ------ ParticleNet | | SN ParticleNet
| \‘ N \ = - ResNeXt | = - ResNeXt
S oA —-=+ EGNN S 102 ~-=+ EGNN
*8 103 1 ~\\\\ LorentzNet g LorentzNet
% SN g :
o ..,?\‘ '*\ ’~.,'% o ":~ S
c SNSRI R
g RSN é \\A\
é e = 77:5.\:;:":.., g 101, \\ \‘t R
@ R @ RO
AEIA *3 NN
IR, o NN
NN, NN
"’:,3‘;\ -, \»‘\‘.:"
101 '%&i‘ T
L 100 :’x

0.0 0.1 0.2 0.3 0.4 05 0.6 0.7 0.8 0.9
Signal efficiency €5
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Additi | test
itional tests

0.91 -
=> Equivariance test: 08
_0.

% LorentzNet is more robust when the input S 0 —
jet undergoes a Lorentz transformation < PrCAN

(consider Lorentz boosts on x-axis) 001 o PerticieNet
EGNN

0.5 LorentzNet

0.0 0.2 0.4 0.6 0.8 1.0

™
Il
ol

=> Small training sample size: .
. I P —> Ablation study on Lorentz

%* LorentzNet is able to perform much better equivariant preserving structure

when trained on a smaller size of sample . . o
% replacing the pairwise scalar (mass)

has a negative effect on the network

Tram'lng Model Accuracy | AUC 1/en 1/en
Fraction (€5 =05) | (es =0.3) Model Equivariance | Accuracy | AUC l/en l/en
ParticleNet 0.913 0.9687 ==" 199 + 14 (es =0.5) | (es=0.3)
0.5% LorentzNet 0.929 0.9793 | 176 +14 | 562 + 72 LorentzNet (w/o) X 0.934 0.9832 | 290+ 30 1105 £+ 59
ParticleNet 0.919 0.9734 103+ 5 287 + 19 LorentzNet v 0.942 0.9868 | 498 £ 18 | 21954+ 173
1% LorentzNet 0.932 0.9812 | 209+5 697 + 58
o ParticleNet 0.931 0.9807 195+4 609 + 35
b7 LorentzNet 0.937 0.9839 | 293 +12 | 1108 =84

Conggjiao Li (Peking University) IHEP EPD Seminar 2 September, 2022 28
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Conclusion on LorentzNet S Gong et al. JHEP 07 (2022) 030

—> We present LorentzNet, a Lorentz group equivariant GNN

R/

% the network has now reached state-of-the-art performance, when trained and
evaluated on two mainstream benchmarks

@,
%

its equivariance property confirmed on Lorentz-transformed test dataset

R/

» ablation study shows Lorentz-symmetry-preserving mechanism does help the network

R/
%

code and model available in: https://github.com/sdogsq/LorentzNet-release
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[ ]
Conclusion on LorentzNet S.Gong et al. JHEP 07 (2022) 030

-=> We would also like to ask

R/

% why LorentzNet outperforms many networks proposed after
ParticleNet

7/

% can we dig deeper to extract the key componentin
LorentzNet?

can it be applied to other networks as well?

-> We will use experiments to confirm that one key component ‘ /
of the gain is Lorentz-symmetry preservation

Conggjiao Li (Peking University) IHEP EPD Seminar 2 September, 2022 30
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Part Ill: Lorentz-symmetric design
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LorentzNet performance on JetClass

JetClass [arXiv:2202.03772, proceedings of 39th ICML, Vol.162]

All classes

H—b H-—sce H-—>gg H—4q

H —/lvgqy t—bgqy t— blv

W —q¢d Z —qq

Accuracy AUC  Rejso,  Rejso  Rejgoe  Rejspy Rejggy Rejso,  Rejgg s, Rejsoy Rej509
PEN 0.772 0.9714 2924 841 75 198 265 797 721 189 159
P-CNN 0.809 0.9789 4890 1276 38 474 947 2907 2304 241 204
ParticleNet 0.844 0.9849 7634 2475 104 954 3339 10526 11173 347 283
LorentzNet 0.855 0.9869 9217 3425 117 1550 4425 19802 12500 480 353
ParT 0.861 0.9877 10638 4149 123 1864 5479 32787 15873 543 402
ParT (plain) 0.849 0.9859 9569 2911 112 1185 3868 17699 12987 384 311
-> A new benchmark, JetClass is proposed in
arXiv:2202.03772, consists of 100M jets, ~100x larger then Accuracy #params FLOPs
previous benchmarks PFN 0.772 86.1k  4.62M
=> LorentzNet performs much better than ParticleNet, slightly gaftli\iﬁNe . 8:223 g;glﬁ lsft'g 11\\4/[
worse than the most advanced model: ParT (discuss in p.51) LorentzNet  0.855 33k 201G
% note that for #params ParT 0.861  2.14M  340M
LorentzNet < ParticleNet, and << ParT ParT (plain) 0.849 213M  260M

% this prove that LorentzNet is a very efficient model

-> We may want to understand the core of such efficiency

Conggiao Li (Peking University)
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Jet tagging algorithm respecting Lorentz group symmetry
Model, data size and “inductive bias”

> Lessons from image classification from Computer Vision

% Training on ImageNet and its extension (224x224 pixel image classification)

> Transformer models have led the performance, since the first application in 2020

Transformer
models
100 E
ImageNet :
Meta Pseudo Labels (EfﬁaqntNet L2)VIT G/14 CoCa (finetuned):
90 :
ResNeXt-101 32x48d N0|syStudent EfﬁcnentNet B7). s
> PNASNets5—®— : 8¢
O ResNeXt-101 64x4.-—0———0/' ; t
é 80 Inception V3 ———
=)
= MSRA
a 70 . o
o Five Base + FiveHiRes
= AlexNet s
.ﬁ ---------------------------------------------
60
50
2013 2014 2015 2016 2017 2018 2019 2020 2021 2022

Other models -o- State-of-the-art models
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Jet tagging algorithm respecting Lorentz group symmetry
Model, data size and “inductive bias”

> Lessons from image classification from Computer Vision

% Training on ImageNet and its extension (224x224 pixel image classification)

> Transformer models have led the performance, since the first application in 2020

7/

“ Butif we look back to MNIST dataset (hand-written digit classification)
> still CNN-based networks rank higher

100 —

ImageNet

Meta Pseudo Labels (EfficientNet-L2) ViT-G/14 CoCa (ﬁ.'ne.tuned)

6
MNIST

4

TOP 1 ACCURACY

PERCENTAGE ERROR
N

MCDNN DropConnect RMDL (30 RDLs) ith si
. ® ° Heterogene.ogs ensemble with simple CNN
-2
2012 2013 2014 2015 2016 2017 2018 2019 2020 2021 2022

Other models -o- Models with lowest Percentage error
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Model, data size and “inductive bias”

-> Lessons from image classification from Computer Vision

R/
%

>

N/
%

>
R/
%
>

>

Conggiao Li (Peking University)

Training on ImageNet and its extension (224x224 pixel image classification)
Transformer models have led the performance, since the first application in 2020
But if we look back to MNIST dataset (hand-written digit classification)
still CNN-based networks rank higher
Possible explanations:
for MNIST dataset, we want more “efficient” model when training on small dataset

to be more efficient, cooperating with “inductive bias” in the network design is
crucial

CNN respects the local translational symmetry, which is an inductive bias when
processing real-world images j

(L

f f
fa e f(r(I)) =4[f@M]
o0, o
: ° () R : °
S oy g Q oy
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Jet tagging algorithm respecting Lorentz group symrmetry
Interpret Lorentz-symmetry as an inductive bias

-> Goal of our new study:

% we want to confirm that Lorentz-symmetry preservation the “inductive bias”
for jet physics to boost the network performance

% even better if we isolate “a patch” from LorentzNet, which can be applied to a
wider range of networks

—> Qur experiments

N/

% devise multiple choices of additional features, which are invariant to some or
all Lorentz transformations

R/

% want to see if this affects network performance as we expect

C.Li et al. arXiv:2208.07814
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Jet tagging algorithm respecting Lorentz group symrmetry
Interpret Lorentz-symmetry as an inductive bias

-> Goal of our new study:

% we want to confirm that Lorentz-symmetry preservation the “inductive bias”
for jet physics to boost the network performance

% even better if we isolate “a patch” from LorentzNet, which can be applied to a
wider range of networks

—> Qur experiments

R/

% devise multiple choices of additional features, which are invariant to some or
all Lorentz transformations

R/

% want to see if this affects network performance asgi¥expect

First of all, we need to find a good way to
categorize the possible Lorentz transformations
acted on the jet

C.Li et al. arXiv:2208.07814
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Lorentz transformations

Jet tagging algorithm respecting Lorentz group symmetry

—> By HEP convention, a jet is represented on An-A¢ plane w.r.t. its axis

equivalent as: apply a boost on z-axis - then a rotation on x-y plane (transverse
plane) > now jet points to the x-axis

after the conventional preprocessing, we have four additional DoFs for Lorentz

1 | 1.00 . . . . .
transformation! Original = Viewing the jet from x-direction

0.75 A

0.50 |

0.25 A X

< i
< 000 transverse
-0.25 plane
-0.50 A >
<
-0.75 A .
beam axis
-1.00 T T T
-1.0 -0.5 0.0 0.5 1.0 y
1.00 1.00 1.00 1.00
y—z rotation x—t boost Z—tilt y—tilt
0.75 4 0.75 4 0.75 1 0.75 4
0.50 0.50 0.50 0.50
0.25 0.25 4 0.25 A 0.25 +
S 0.00 S 0.001 S 0.00 S 0.00
-0.25 A -0.25 A -0.25 4 -0.25 1
-0.50 A -0.50 A -0.50 -0.50 A
-0.75 1 -0.75 1 -0.75 4 -0.75 1
‘1.00 T T T '1.00 T T T '1.00 T T T '1.00 T T T
-1.0 -0.5 0.0 0.5 1.0 -1.0 -0.5 0.0 0.5 1.0 -1.0 -0.5 0.0 0.5 1.0 -1.0 -0.5 0.0 0.5 1.0
An An An An

= n-¢ rotation z-boost + x-z rotation y-boost + x-y rotation

38
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Variable design

N : . y—z rotation x—t boost z-tilt y-tilt
Pairwise variable z—t boost x—y rotation (y.» ~ o(1)) (4> ~ o(1)) (Yy.» ~ o(1)) (> ~ o(1))
m?j v v v v v v
AR;; v v v
AR;;(pr, +pr,j) v v v v
E;; (ablation study) v v

—=> Devise variables which are invariant under some or all Lorentz (sub)symmetries

% pairwise mass: invariant under all transformations

% pairwise ARij: approx. invariant under y-z rotation (* n-¢ rotation)

/
0’0
1.0 1.00
Original y—z rotation
0.75 - 0.75 -
0.50 - 0.50 -
AR, =1 /AR,
) Y
g 0.00 - 2 0.00 ~
-0.25 1 -0.25
-0.50 - -0.50 1
-0.75 1 -0.75 -
-1.00 . . .
'1'00_1 0 05 0.0 0.5 1.0 -1.0 0.5 0.0 0.5 1.0
An An
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Variable design

N : . y—z rotation x—t boost z-tilt y-tilt
Pairwise variable z—t boost x—y rotation (y.» ~ o(1)) (4> ~ o(1)) (Yy.» ~ o(1)) (> ~ o(1))
m?j v v v v v v
AR;; v v v
AR;;(pr, +pr,j) v v v v
E;; (ablation study) v v

—=> Devise variables which are invariant under some or all Lorentz (sub)symmetries

% pairwise mass: invariant under all transformations

% pairwise ARij: approx. invariant under y-z rotation (* n-¢ rotation)

< manually construct variable AR, (py; + pr j): can prove that it is also approx. invariant
under x-boost

1.00 1.00

Original x—1 boost
0.75 0.75 -
050- 050- AR;; smaller, but py larger
0.25 - A Rl] 0.25 -
S 0.00- S 0.00
-0.25 - -0.25 1
-0.50 4 -0:501
-0.75 -0.759
-1.00 : : :
Lo o oo 0 o 1.0 0.5 0.0 0.5 1.0
: : 00 . . A
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Experiments on ParticleNet and LorentzNet

EdgeConv block EdgeConv block
. Input . \I C --------- i} 7 “ \ . ‘| \
, © : : ' O “wg ' neighbouring !
. Element-wise B e dhie- ' odes f '
. ' s . 1 nodes form ' — .
! ¢ ! embedding v 0 : ' the message !
1 O P 1 O X, ' g '
1 1 1 X. o 1 (X , X ) 1
‘. K . g Xi, ¢ 1 ¢ )

, 1}
pairwise ; :
features | .

' ’

o m mmh s, g mm e mEEsEEEy

--------- L
; ! Y message ! . Y
. . 1 U, U.. ' constructed from ' ’ '
2 i,i ii o U..
( Element-wise embedding ) : ” 58 airwise features ' U, itz 0
' v (U, ---,U.. | 1
L TR N e e I .
’ 1
embedded U." j f
. . 1 1
pairwise , — e F -
features °* '
' ’

-> Two baseline networks to study pairwise feature effect: ParticleNet & LorentzNetpgse

@,

% ParticleNet: now add an additional patch (in red colour) to incorporate pairwise
features, based on ParticleNet’s intrinsic kNN pairs

/7

% LorentzNetpqse: LorentzNet has already included “pairwise mass”: remove it to create
our baseline
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Performance for adding pairwise features

Training on 60k top tagging dataset (smaller dataset manifest the power of inductive bias)

Base model Variation Accuracy AUC (es 1=/6530% ) (e IZ/C;O% )

— 0.9310(3) 0.9810(2) 198+ 7 640 £ 29
+pairwise: m;; 0.9334(8) 0.9820(4) 222 +13 722 + 52 )

ParticleNet +pairwise: AR;; 0.9334(6) 0.9823(3) 231+ 10 752 + 43 better
—|—pairwise: ARzJ (pT,z' + pT,j) 09337(3) 09821(1) 223+ 6 741 + 36 Compared
+pairwise: FE;; 0.9303(5) 0.9807(2) 200+ 6 651 + 23 to baselines
— 0.9276(12) 0.9789(7) 172 + 13 581 £ 53
+pairwise: m;; 0.9347(4) 0.9829(2) 260+ 6 931 + 50 )

LorentzNetpase +pairwise: AR;; 0.9328(4) 0.9819(3) 232 + 10 807 £+ 35
+pairwise: AR;;(pr,i + pT,5) 0.9342(4) 0.9826(2) 251 + 6 919 + 34
+pairwise: Fj;; 0.9243(37) 0.9767(23) 144 + 29 485 £ 108
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Performance

ParticleNet y-Z rotation
0.982 -
0.981 ~
=
< 0.980
—}— ParticleNet
0.979 —}— ParticleNet +pairwise my;
—}— ParticleNet +pairwise AR;
—+— ParticleNet +pairwise AR;;(pr; +pry)
0.978 1 —}— ParticleNet +pairwise E;;
0 7/6 /3 /2 27/3 Sx/6
Ax
LorentzNet, . Y-z rotation
0.982 -~ frmmsgemmangeo —
0.980 -
|
0.978 1
@) -
S 0.976
<
0.974 1 —}— LorentzNety,
0.972 —+— LorentzNet,, . +pairwise m;
—— LorentzNet,,, +pairwise AR;;
0.970 7 —— LorentzNet,,, +pairwise AR (pr; +prj)
—— LorentzNet, ,, +pairwise E;;
0.968
0 /6 /3 /2 27/3 5n/6
Ax

Conggiao Li (Peking University)

AUC

AUC

. ParticleNet

x-t boost

Jet tagging algorithm respecting Lorentz group symmetry

for adding pairwise features

> Injecting AR to the
network > more robust
to y-z rotation

> Injecting AR(pritpr;)

or mass -> more robust
to y-z rotation and now
also the x-boost

0.9 A
0.8
0.7 1 —}— ParticleNet
—— ParticleNet +pairwise m;
06 —}— ParticleNet +pairwise AR;
" | —— ParticleNet +pairwise AR;(pr; +pry)
—}— ParticleNet +pairwise E;;
0.5 T T T T T
0.0 0.2 0.4 0.6 0.8
Bx =tanh wy
LorentzNet, . Xx-t boost
1.0
09 N
N
0.8
0.79 —— LorentzNet, .
—+— LorentzNety,,, +pairwise my;
0.6 —— LorentzNet,,, +pairwise AR;;
. —}— LorentzNet, ,, +pairwise AR;i(pr; +pry) /
—+— LorentzNet,,, +pairwise E;; )
0.5 T T T T
0.0 0.2 0.4 0.6 0.8

Bx =tanh wy
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Jet tagging algorithm respecting Lorentz group symrmetry
A step towards a general solution

=> Pairwise features have limitations

% only applicable to GNN networks which intrinsically build “edges”

-> Upgrade to node-wise features

7/

% “mass features” carried per node, not edge between nodes

(1) for each node i (2) find a friend group G; :
composed of k nodes this is a Lorentz
— L, (m = 1,---, k) having invariant choice
T
U
largestp:'p; ,
& ! (3)calculate mass

j<k

& ‘ 2 — 2 . ~ 2 H
Y Mg P 2 2, PPy
L] J€G, jkeG,

is essentially the pre-
determined linear combination
of all pairwise masses
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General patch structure design for node-wise features

Any baseline network
l'- o ;n-p:lt- " .‘I
: e { Unit block H Unit block j_> -
e (ki o) o)
1 © X; © X;
STTTTTTTTRET i (o o
node-wise ! : o o ° o
features :
Temee """ @ ®
( Element-wise embedding )
embedded ' o uO ;
node-wise , o e
features "~ -(-) ------ 9_ "l

—-> Baseline networks can be any network that treats jet as a point cloud

-> Integrate new node-wise features layer-by-layer

% unit block is ®(x) function for PFN, EdgeConv for ParticleNet, and LEGB for
LorentzNet
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Performance for adding node-wise features

Base model Variation Accuracy AUC (es 1/ 65130(7) (es 1/ 63807)
= 0 = ()] . .
Adding node-wise mass:
— 0.9104(12)  0.9664(13) 67 £5 198 + 21 ng
PFN tnode-wise: mg, | 0.9281(4)  0.9791(2) 184+ 5 714+50 (1) improve network performance
+node-wise: Eg, 0.9207(4) 0.9750(3) 125 + 3 378 + 19 (especially for PFN)
— 09310(3) 0.9810(2) 198 £ 7 640 + 29 (2) more robust to Lorentz
ParticleNet +node-wise: mg, 0.9313(3) 0.9812(1) 222+5 800 + 40 .
‘ transformations on test data
+node-wise: E¢, | 0.9300(12)  0.9802(6) 183 + 12 572 + 47 ,
— 0.9276(12) 0.9789(7) 179 £ 13 531 L 53 (3) smaller error bars (illustrate
LorentzNetpase +node-wise: mg, 0.9306(3) 0.9809(2) 219+ 3 887 + 36 more generalization ability)
+node-wise: Eg, 0.9272(3) 0.9788(1) 171 + 2 562 + 16
y LorentzNet, x-t boost o ParticleNet x-t boost . PFN x-t boost
i i e
\‘\‘QI\
0.9 0.9 - 0.9 -
0.8 \ 0.8 0.8
S S Q
= 07 \/ i 0.7 1 i 0.7
0.6 4 —— LorentzNety, 0.6 4 —— ParticleNet 064 —H PEN
: LorentzNet,,. +node-wise mg ParticleNet +node-wise mg, PFN +node-wise mg,
—— LorentzNety,,, +node-wise EGI —+— ParticleNet +node-wise Eg, —— PFN +node-wise Eg;
0.5 L : - — . 05— : : : : 0.5 1— : : : :
00 02 04 06 08 0.0 0.2 0.4 0.6 038 0.0 0.2 0.4 0.6 0.8
By = tanh w, . Bx =tanh Wx Bx=tanh.wx
PFN y-z rotation ParticleNet y-z rotation LorentzNet, .. Y-z rotation
0.980 0.981 -
0.981
0975 4+ — 0.980
0.980
- ) ) 0.979 1 |
iD: |_.|_|_\|_\_|~L =2 0979 - 2 0.978
0.965 [ I —Ir I I I M | |
0.977 4
0960 4 —— PFN 0.978 1 —— Part?cleNet - —}— LorentzNety,, .
PFN “node-wise mg, ParticleNet +node-wise mg, 0.976 1 LorentzNety,,,, +node-wise m;
—}— PFN “node-wise EG‘ 0977 —+— ParticleNet +node-wise Eg, —— LorentzNet,, . +node-wise Eq;
0.955 4 : T ; ; ; ; ; ; 0.975 +— . . ; ; . .
0 6 03 2 23 /6 M 0 /6 /3 /2 27/3 51/6 7 0 /6 /3 /2 27/3 5n/6 n
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Performance summary

=> What do the above results mean?

7/

% the full network tends to be more robust and performant, when we incorporate

Lorentz-symmetry-preserved variables (pairwise/node-wise ones) into the
network

* even when we introduce a very small patch structure invariant under a certain

symmetry (the original network is unaffected) helps the network to perform
better

> without need to let the network fully satisfy Lorentz symmetries

*invariance property of the small sub-network has a big impact on the learning, and
can be reflected in the entire network

Base model Variation # parameters  FLOPs
— 83.84 k 4.46 M
PEN +node-wise +26.19 k +3.41 M
— 366.16 k 535.73 M
ParticleNet +pairwise +34.91 k +285.29 M
+node-wise +21.97 k +2.83 M
— 226.23 k 1997.69 M
LorentzNetpase +pairwise +0.43 k +7.02 M
+node-wise +37.35 k +4.8 M
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Jet tagging algorithm respecting Lorentz group symmetry
Performance summary

=> What do the above results mean?

7/

% the full network tends to be more robust and performant, when we incorporate

Lorentz-symmetry-preserved variables (pairwise/node-wise ones) into the

network

* even when we introduce a very small patch structure invariant under a certain

symmetry (the original network is unaffected) helps the network to perform

better

» without need to let the network fully saticfu | arentz cummatriec

> invariance property of the small sub-| » The experiments show that “pairwise

can be reflected in the entire networlk

mass” is the key component in network

Base model Variation # parameters  FLOPs deSIgn
PFN — | 83.84 k 4.46 M >We reveal that the underlying logic lies
+node-wise +26.19 k +3.41 M . .
i 366.16 k 535.73 M in the Lorentz symmetry preservation
ParticleNet +pairwise +34.91 k +285.29 M R
tnodewise | 42197k +2.83 M We make a successful attempt to
— 226.23 k  1997.69 M understand the interpretability of the
LorentzNetpase +pairwise +0.43 k +7.02 M .
+node-wise | +37.35 k +4.8 M network in terms of symmetry

Conggiao Li (Peking University)

preservation
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Part IV: Outlook & Summary

Conggiao Li (Peking University) IHEP EPD Seminar 2 September, 2022 49



IHEP EPD Seminar Jet tagging algorithm respecting Lorentz group symmetry

Discussions

1. We provide two general solutions to improve neural network performance

% incorporate pairwise/node-wise features
% the node-wise solution is more generalized to be applied

*

% yet “pairwise mass” is still crucial if one hopes to achieve state-of-the-art

performance (as they form a full set of Lorentz scalar basis)
2. We address that the Lorentz-symmetric design is already used in the current

best models
% LorentzNet and ParT (discussion in p.51) both inject “pairwise mass” in network

design
% can explain to some extent their high performance
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Brief intro to ParT

-> Transformer model is the new state-of-the-art architecture introduced in DL
community

% Language models: BERT, GPT-3...

R/

»  Computer Vision: ViT, Swin-T

% Al for Science: AlphaFold2 for protein structure prediction
-> Transformers architecture

% consists only of self-attention blocks

“* more scalable with large model/data

% big model (more parameters) + more training data + affordable computing
complexity > better performance
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Brief intro to ParT

JetClass [H.Qu et al. arXiv:2202.03772, proceedings of 39th ICML, Vol.162]

Jet tagging algorithm respecting Lorentz group symmetry

All classes H—b H—cc H—gg H—4qg H—Vlvgd t—bggd t—-bv W —=q¢d Z—qq
Accuracy  AUC  Rejsoy,  Rejgoy,  Rejsoy,  Rejgq Rejgg Rejso,  Rejgg sy,  Rejgoy Rejs0%
PFN 0.772 0.9714 2924 841 75 198 265 797 721 189 159
P-CNN 0.809 0.9789 4890 1276 38 474 947 2907 2304 241 204
ParticleNet 0.844 0.9849 7634 2475 104 954 3339 10526 11173 347 283
LorentzNet 0.855 0.9869 9217 3425 117 1550 4425 19802 12500 480 353
ParT 0.861 0.9877 10638 4149 123 1864 5479 32787 15873 543 402
ParT (plain) 0.849 0.9859 9569 2911 112 1185 3868 17699 12987 384 311
A
[ P-MHA }
Accuracy #params FLOPs
( MatMul )
vE PFN 0.772 86.1k 4.62M
P-CNN 0.809 354k 15.5M
> U ParticleNet 0.844 370k 540M
a LorentzNet ~ 0.855 233k 201G
A= /(Yo — )% + (¢a — ¥1)2, ParT 0.861 2.14M  340M
kr = min(pr.a, pry)A, ) ParT (plain)  0.849  2.13M  260M
z = min(pr,qe,prp)/(Pre + prp), 214 )
m2 _ (Ea + Eb)2 . ”pa i prQ’ (Linear) (Lin\ear) (Linear) o . . .
1 . N similar computation complexity with
’ ParticleNet, but more performant than

X ParticleNet and LorentzNet!

(b) Particle Attention Block

Conggiao Li (Peking University) IHEP EPD Seminar
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Jet tagging algorithm respecting Lorentz group symmetry
Intro to published tool: Weaver

-> Introducing Weaver, a streamlined and flexible machine learning R&D
framework for HEP applications

-> use the below link to
% tryout ParT, ParticleNet model out-of-the-box

% play with the JetClass dataset

we invite the community to explore and experiment with this dataset and extend
the boundary of deep learning and jet physics even further.

% orexplore previous top tagging & quark/gluon dataset, or any custom ones

E.‘ ﬁ'.1.

e -
'F

o e : 'i:l:':l'
\“\ /e

.’-IEr

EI

o

https://github.com/,/et-un/verse/part/cle transformer
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Discussions

3. Lorentz-symmetric design (incorporating pairwise mass) can be adopted to
other scenarios

(1) Jet tasks beyond jet tagging

SPA-Net for jet assignments
MPGAN for generation of jets

L R
71 7i M.Fenton et al. PRD 105, 11200
Tensor Tensor R.Kansal et al. arXiv:2106.11535, Proceeding of 35th NIPS
Attention Attention
1 1
Transformer Transformer
Encoder Encoder
1 1
[ Transformer Encoder ]
o
o
o
Transformer Encoder

B @ @ . @
5333

Jet Independent Embeddings

Conggiao Li (Peking University) IHEP EPD Seminar 2 September, 2022 54


https://arxiv.org/abs/2106.11535
https://doi.org/10.1103/PhysRevD.105.112008

IHEP EPD Seminar Jet tagging algorithm respecting Lorentz group symmetry
Discussions

3. Lorentz-symmetric design (incorporating pairwise mass) can be adopted to
other scenarios

(2) Tasks to process whole collision event

Convolutional GNN autoencoder

for anomalous detection
O.Atkinson et al. JHEP 08 (2021) 080

Node features

Decoder
PSPy N R U U R U ~.
/ . \
i Edge Roconstructon Network_
i InnerProduct \| i
Encoder f; | | ! ]
/’\ | : | +
\ RN | l ' Edge
! f,"\_ . _E_ o :‘fl | fnmerProduct [ | ‘EReconstruction Loss]
Recluster R=1.5 jets togs? | RN “ i B
— . o ' An; | k .
to R_O' I m Icro] ets AZH | * Latent node representation l : l
H AR; . | InnerProduct :
and use as inputs . ] ; : ;|
i
|
‘-

_ | J Node
- Input Graph : ’- . 'Eleconstruction Loss
!
\

K
[dg.A slogd;;", log mijT
Edge features
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Discussions

3. Lorentz-symmetric design (incorporating pairwise mass) can be adopted to
other scenarios

(3) Tasks using primitive data source ,
MLPF, using tracks and clusters

GNN for track reconstruction to reconstruct particle-flow
candidates J.Pata etal. ERPJC 81, 381 (2021)
G.DeZoort et al. Comput. Softw. Biq Sci. 5, 26 (2021) Event as input set Event as graph Transformed inputs
= {x;} X={x}LA=A4 H={h)}
o h buildi M
(x_(o), a,(_o)) (x,(l), a_(_l)) (w,(,l)) | PS Graph building essage passing .
l / Interaction network l / J O b LSH+KNN o - _’ . l
Relational B8 Obiject Edge - =
model | mcﬁgl weighting { } { P FX|w)=A \ X, Alw) = S
all = ¢p (x9,x0,a®) = Or. (x.('),x.(l), al)
¥ T (1)J : " 4 (1) £ % Target set ¥ = {y;} Output set ¥' = {y/} l
X = ol ’ eN(z) i) " Decoding
£ : \\\ Elementwise loss L(y], yjl) - elementwise
\§ classification & regression FFN
b | ) T D1yl w) =

iz

X = [type’ Pt EECAL’ EHCAL’ n, ¢’ Houter> ¢outer’ q, .. 15 type € {track, ClllStCI'}
y; = [PID, py, E,n, .4, ...], PID € {none, charged hadron, neutral hadron, y, e, u*)
hi c [R256
Trainable neural networks: %, &, 9

® - track, M - calorimeter cluster, ™ - encoded element
- target (predicted) particle, - no target (predicted) particle

/
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=> In this talk:

we recap the evolution of DL application to jet tagging

/7
%*

N/
%®

we introduce LorentzNet, a GNN-based network respecting full Lorentz
symmetry, which exhibits better performance than previous state-of-the-arts

¢

% we investigate the core of such enhancement, and discover the role “Lorentz
symmetry preservation” plays in networks; we propose two patch structures
applicable to a variety of baselines

-> Hints to interesting new applications

R/

% the Lorentz symmetry design as an intrinsic inductive bias in jet physics has a
wider range of potential applications
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Backup
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ParT architecture

H.Qu et al. arXiv:2202.03772, proceedings of 39th ICML, Vol.162
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Transformer illustration
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