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How to represent a jet is at the core of machine learning on jet physics. Inspired by the notion of point
clouds, we propose a new approach that considers a jet as an unordered set of its constituent
particles, effectively a “particle cloud.” Such a particle cloud representation of jets is efficient in
incorporating raw information of jets and also explicitly respects the permutation symmetry. Based on
the particle cloud representation, we propose ParticleNet, a customized neural network architecture
using Dynamic Graph Convolutional Neural Network for jet tagging problems. The ParticleNet
architecture achieves state-of-the-art performance on two representative jet tagging benchmarks and
is improved significantly over existing methods.
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We also develop Pas§ the theory of the finite-dimensional representations of the Lorentz group and the equivariant nonlinearity
inclusion of addition involves the tensor product. For classification tasks in particle physics, we demonstrate that such an
feature a per-particlf equivariant architecture leads to drastically simpler models that have relatively few learnable parameters

| and are much more physically interpretable than leading approaches that use CNNs and point cloud
approaches. The competitive performance of the network is demonstrated on a public classification
dataset [27] for tagging top quark decays given energy-momenta of jet constituents produced in proton-
proton collisions.
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architectures are available online in our EnergyFlow package.
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Symmetries In jet data

® Euclidean symmetries in jet images (CNN's)
® Permutations of particles (particle clouds, Deep Sets, GNN, MPNN)

¢ Rotational, boost, Lorentz symmetries
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LGN

* Linear: a restricted linear mixing operations acting on data stored as a collection
of irreducible representations aA + /B

®* Nonlinear: a tensor product combined with a Clebsch-Gordan decomposition

* A covariant universal approximation theorem motivates the sufficiency of these
operations for outputs belonging to arbitrary finite-dimensional representations.

u(p)

P18 ®pg =C, , GBEBp(g) .
|

p



What constraints does full
Lorentz+Permutation syymmetry impose?



Invariants of the Lorentz group

VECTOR INVARIANTS

6. Second example: unimodular group SL(n)

We shall take up the question of tnvariants of the unimodular group SL(n)
ot once for any number of covariant or Latin vectors z, ¥, - - - and any number

of contravariant or Greek vectors &, », - - - .
THEOREM (2.6.A).

el o) o0

is a complete table of typical basic tnvariants for the unimodular group.

[H. Weyl, The Classical Groups, 1939]



Invariants of the Lorentz group

All Lorentz-invariant symmetric functions of a set of 4-vectors p!’ can be expressed as
functions of only the dot products ¢/, = nﬂypl.”p]?’

I(p,....py) =1 <{pi 'pj}i»j)

;P =p;p; —Di " D;



Input to the network: matrix of dot products ¢;; = p, - p;




Permutation equvariant architecture
with only edge data?
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Equivariant Aggregators

® Basic approach — Deep Sets p ( Z ¢ (x,-))

e Common approach — GNN/MPNN: v, = f(v, Z m;(v, v;)
J
® For pure “edge data”, look for the most general permutation-equivariant mapping

/
Tij T Tij

F (7[0 leZZr) — Jr o F (7'1.11‘2'"1.5)’ 71 (= SN

® The space of such linear mappings between N X N matrices is 15-dimensional
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Equivariant Aggregators

Let’s illustrate equivariant mappings 7;; — T;; as rank 4 binary tensors (N = 2)

[Maron 2018, Pan&Kondor 2022]



Equivariant Aggregators

The aggregation function can be any symmetric function of a set of inputs.
Y

We choose weighted means N* Z x: With learnable a.
i=1




PELICAN equivariant block

Lin(C’, C!))

) 4

_ LeakyRelU
h 4

_ BaichNorm2D
) 4

_ Dropout
) 4

T

_ Lin(Ciyx15.C")
) 4

_ LeakyReLU i

LeakyReLLU

LeakyReLU >~ Message

BatchNorm?2D

Dropout

Lin(C., x 15,C"™*) — Aggregation




PELICAN equivariant block

Lin(C', Céq)

LeakyReLU >~ Message

BatchNorm?2D

Dropout

Linear mixing of .
the outputs of 15 Lin(CL, x 15,C™*) — Aggregation

aggregators
LeakyRelLU
)




PELICAN Classifier

Classifier

p; = d; - Embed — [Eq,_,|" — Eq,_, — MLP
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PELICAN Classifier

Classifier

p; = dij — Embed — [qu_)z]L — — MLP

ﬂ
MLPwmsg B :



Top-tagging with PELICAN






lop-tagging performance

e State of the art top-tagger with 8x fewer params of the previous best tagger

e Exact invariance massively improves sample efficiency
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lop-tagging performance

e State of the art top-tagger with 8x fewer params of the previous best tagger

e Exact invariance massively improves sample efficiency
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lop-tagging performance

e State of the art top-tagger with 8x fewer params of the previous best tagger

e Exact invariance massively improves sample efficiency

e | PELICAN

ParticleNet
ResNeXt50
LorentzNet
LGN

PELICAN (46k params) ||
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Sample efficiency

® Exact invariance improves sample efficiency
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Regression with PELICAN



Lorentz equivariance

All Lorentz-equivariant mappings F#(p;, ..., py) have the form
F(pla apN) = Z Cipi’
l

where c(p,, ..., py) are Lorentz-invariant, i.e. only functions of d,j.



Lorentz equivariance

All Lorentz-equivariant mappings F#(p;, ..., py) have the form

F(py,..-.pn) = 2 CiP;:

l

where c(p,, ..., py) are Lorentz-invariant, i.e. only functions of d,j.

What about permutation invariance?
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Lorentz-equivariant Permutation-equivariant

F'u(pla ---apN)




Lorentz-equivariant Permutation-equivariant

F'u(pla ---apN)




PELICAN 4-momentum Regressor

4-momentum regressor

p; = d; —> Embed — [qu_a]L —> — MLP — {Ci}i.il



PELICAN 4-momentum Regressor

4-momentum regressor PELICAN weights

p; = djj > Embed — [Eq,_,] —[Eq,_,|> MLP -



PELICAN 4-momentum Regressor

4-momentum regressor PELICAN weights
L
Y
p; = dzj — Embed — [Eq2_>2] - Eq,_, 1= MLP -
N

The 4-momentum Is reconstructed as p, .. gic = Z C;D;
=1

The loss function is a linear combination of |7, 4i.i = Myyreec| ANA | Ppredict — Prareet |
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Hadronic W reconstruction inside of a top jet

Dataset similar to the top-tagging one:
1. Only top jets
2. Only hadronic decays r - bW(qq)

3. Two versions: truth level and DELPHES
reconstructed from calorimeter towers

4. Non-ML baseline: built-in method of the Johns Hopkins
top-tagger (37%/31% efficiency on these datasets)

top candidate.structure of<TopTaggerBase> () .W()

[Kaplan, Rehermann, Schwartz, Tweedie 2008]




Hadronic W reconstruction inside of a top jet

JH = Johns Hopkins Top Tagger
[Kaplan, Rehermann, Schwartz, Tweedie 2008]

PELICAN | JH = PELICAN on JH-tagged events




Hadronic W reconstruction inside of a top jet

Method 0py (o)  om (%) oy (centirad)

= é’ JH 0.65% 1.27% 0.156
<&  PELICAN 0.82% 1.20% 0.384
> @ PELICAN|JH 0.27%  0.59% 0.088
QQ JH 103 % 8.3 % 3.73
-§ A, PELICAN S AL S 4.16
]
(=)

PELICAN|JH 3.81% 2.86% 2.67 //

JH = Johns Hopkins Top Tagger
[Kaplan, Rehermann, Schwartz, Tweedie 2008]

PELICAN | JH = PELICAN on JH-tagged events




Hadronic W reconstruction inside of a top jet

Truth level
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P pred/p true

JH = Johns Hopkins Top Tagger
[Kaplan, Rehermann, Schwartz, Tweedie 2008]

PELICAN | JH = PELICAN on JH-tagged events
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Hadronic W reconstruction inside of a top jet
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PELICAN|JH
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0.001 ¢
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— PELICAN
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PELICAN|JH

JH = Johns Hopkins Top Tagger
[Kaplan, Rehermann, Schwartz, Tweedie 2008]

PELICAN | JH = PELICAN on JH-tagged events
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Explaining PELICAN

Distribution of output PELICAN weights on truth-level dataset
(~100k events)
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Explaining PELICAN
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Explaining PELICAN

200 events PELICAN weight

0.6
ol 0.8
a2l - | , ..
0.0 =
S
-02}
04 PELICAN learns to separate
;. out the b-quark cluster
-0.6+ .
-0.8F
018 B 110 e 112 == 114 e 116 T 118 A 210 Eeiate 212 |




Truth level

Single event

0.6 .
o

0.4+ | .

o . 0.6
0.2+ 0 .

I ° ° . ® :
TrueW ————ar—— 54 ° —
i $
. a
-0.2+ .
[
True b below ——>>wH—+———> K . . _
o

06| ]
-08 .

0.|8 e 1 .|0 e 1 .|2 s 1 .|4 B 1 .|6 e 1 .|8 SR 2.|0 | | 2.|2 |



0.6

0.4

0.2

0.0

-0.2

-0.4

-0.6

-0.8

Truth level

Single event

True W products in orange

[
1.0
0.8
0.6
®9
0.4
i 0.2 |
o 0
°
°
®
° Qe
+ -
°
N . _
| | | | | | | | | | | | | | | | | | | | | | |
0.8 1.0 1.2 (A 1.6 1.8 2.0 2.2



0.6

0.4

0.2~

0.0~

-0.2-

0.4

-0.6 -

-08+-

Truth level

Single event JH-identified W products in orange
+
o :‘O °
- E .
0l8l | I1|0I | I1l2l | I1|4I | I116I | I1l8l | I2|0I | I2l2l =



0.6

0.4

0.2~

0.0~

-0.2-

0.4+

-0.6 -

-08+-

Truth level

Single event PELICAN weight

*4— PELICAN-reconstructed W




0.6

0.4

0.2

0.0

-0.2

-0.4

-0.6

-08

08

0.6

0.4

0.2

0.6

0.4

0.2

0.0

-0.2

-0.4

-0.6

-08

Truth level

1.0

08

0.6

0.4

0.2

[ ]
+
[ ]
[ 4
[
[ ] ..
. X
(]
% .
e °
[
I | I I I | I I I |
1.4 1.6 1.8

0.6

0.4

0.2

0.0

-0.2

-0.4

-0.6

-0.8

PELICAN weight

[ J
1.0
08
° . 06
o.. ®e
0.4
0.2
(] ® Y 0
¥
[ ]
H
[ ‘. °
[ J
.
[ ]
I | I I I | I I I | I I I | I I I | I I I |
1.2 1.4 1.6 1.8 2.0 2.2




0.6

0.4

0.2

0.0

-0.2

-0.4

-0.6

-08

08

0.6

0.4

0.2

0.6

0.4

0.2

0.0

-0.2

-0.4

-0.6

-08

Truth level

1.0

08

0.6

0.4

0.2

0.6

0.4

0.2

0.0

-0.2

-0.4

-0.6

-0.8

PELICAN weight

08

0.6

0.4

0.2

[ J
‘ ®
% °
+3
of
(] [ ]
(]
X
(] (]
]
= ol
I I | I I I | I I I | I I
1.4 1.6 1.8




0.6

0.4

0.2

0.0

-0.2

-0.4

-0.6

-08

08

0.6

0.4

0.2

0.6

0.4

0.2

0.0

-0.2

-0.4

-0.6

-08

Truth level

1.0

08

0.6

0.4

0.2

°
®
¢ °
o
off®
°
. ¥
° '. .
+
I | I I 1 | I 1
14 1.6

0.6

0.4

0.2

0.0

-0.2

-0.4

-0.6

-0.8

PELICAN weight

08

0.6

0.4

0.2




Truth level

JH PELICAN weight

T

T

T

T

T

T

T

T

. 0.6+ . 0.6+
1.0 1.0
0.8 7] r 0.8 k!
= 0.4 ° = 0.4 P
0.6 4 L Y 0.6 4 L Y
0.4 | | ® 0.4 | | ®
- 0.2+ ® - 02+ °
0.2 o L4 0.2 o L4
| | F | | ow
® ®
0 0
. J
- 0.0 3 - 00+ . K
) 1 )
S ¢ . { S ¢ ‘ [ )
- -02+ - -02+ ®

¥ +
. _04% _| _04% [ J
- -0.6- - -0.6+
_ —08~- . -08r-
I | I I I | I I I | I I I | I I I | I I I | I I I | I I I | I I I | I I I | I I I | I I I | I I I | I I I | I I I | I
2.2 0.8 1.0 1.2 1.4 1.6 1.8 2.0 2.2 0.8 1.0 1.2 1.4 1.6 1.8
e e

And these are only events successfully tagged by JH (~37%)!
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DELPHES dataset

Distribution of output PELICAN weights on DELPHES dataset
(~100k events)
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® What is the function of non-binary weights in the DELPHES case?
® Hypothesis:
® to undo the effect of multiple decay products hitting the same calorimeter cell

® to correct the mass of the reconstruction

" i Vvtrue Wi —
o Define r; = E7r</E,. Note that E"we = Z rE..

l

Therefore expect high correlation ¢; ~ r:



Detector breaks symmetry?
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Don't beam axes break SO(3) symmetry?

No! Rather than giving up symmetry.
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Detector breaks symmetry?

Don't beam axes break SO(3) symmetry?
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JH mass reconstruction __PELICAN mass reconstruction
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W mass reconstruction
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Mass regression



_PELICAN mass reconstruction
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PELICAN mass reconstruction
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Other applications

* IRC safe PELICAN

* Looking Inside jets: parent reconstruction

* |Integrated pipeline: tagging — regression

* Polarization tagging (helicity angle distributions)

e Jet combinatorics?









