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An ato my Of Top Jets A. Furuichi, SHL, M. M. Nojiri, 2312.11760
--- Physics-Informed Inputs

In order to build an high performing HLF based top jet tagger, we have to

build up HLFs capturing the all features of top jets completely.
What are the features of top jets?

Three-prong Color triplet Color triplet subjets
Lok

_/% —

— — —— 2l
—% \&. \&.

Top jet also have W _boson jet inside.
Two-prong subjet inside  Color connection Color singlet

B \\h. B \\h. B \\h.

We introduced an analysis model combining HLF analyzing architectures
specialized for analyzing the above features.
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SHL, M. M. Nojiri, 1807.03312

TWO-pOint energy A. Chakraborty, SHL, M. M. Nojiri,1904.02092

A. Chakraborty, SHL, M. M. Nojiri, M. Takeuchi,

correlation spectrum 2003.11787

Two-point energy correlation is an aggregated
energy correlation between two constituents at a distance R.
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Minkowski Functionals

Minkowski functionals (MFs) are the basis of geometric measure (called
valuation) of a given set.
For 2D object analysis, there are three MFs:

‘e
R
‘e "o

Example: two filled disks

Boundary length Euler characteristic
(Gauss-Bonnet)
MFO = / d2”l“ MFl = — dr MF2 ~ 5.2 —dT
A 27T oA 27T oA R

With these three numbers, we can describe all the geometric measures
related to this 2D objects. (Hadwiger’s theorem) 7/ 26




Mathematical Morphology:
Minkowski Functionals and Dilation

1

quark jet MG5+PY8+Delphes

-1.0F

T imnge 1| ooy 507 Gev For the jet constituents analysis,
N H my: 110 GeV ° ° . o
°r e ~ - we binarize the points using energy cutoffs
d 2 and apply dilation on the binary image.
. gl
' LS < : :
~ This morphological operation may be

iy o] N B ., regarded as coarse-graining,

b g T and it will allow us to systematically analyze
L A b ° °

e oaan 1 the geometry of jet constituents when we use

S R this together with the MFs.
* Binarize
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Mathematical Morphology and
Minkowski Functionals

)

Perimeter : L

d

R

+ A

Area

- X

Euler char.

| Start: Cech complex:

. Second change happens when
. the next nearest-neighbor meets

:asymtoteasr—>0
Green: asymtote as r = infinity

R

If we have more constituents,
such behavior changes may

| happen multiple times.

three points

" First change happens when
~ the nearest-neighbor meets

_ Cech complex:
R=1 an L-shaped line

Cech complex:
R = \/5 a right triangle
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Physics-Informed High-Level Features

Generalization of
Jet Kinematics Constituent Multiplicity: We consider

(PT, mass, ...) Minkowski Functionals a neural network
(Euler Char., Length, Area) analyzing

all these features.

Two-Point Subjet
Energy Correlations S2 Constituent Multiplicity
(Relation Network) + constituent PT histogram
, . o . T T
Three-prong I Color triplet I} Color triplet subjets

Two-prong subjet inside 11 Color connection
J I
[ '
Il |:
[
___________ n . - g




ROC curves

We compare the
tagging performance
of our analysis model
to Particle Transformer
working on pixellated
jet constituents in

HCAL resolution scale (0.1)

ROC curves and AUCs agrees
within 3sigma of
statistical and training uncertainty!

metric Pt vs. Pq Hr vs. Hg

AUC 270 2.08
Ry 2.19 1.56
R309 1.64 0.51

Table: Significance of difference in sigma

D jet rejection rate

1
)

QC

PY top tagging: Pt vs. Pg

]_Dﬁ 3
E ===: random guess
1 ~-3--ParThestemn
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E arT-2nd :
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0.0 0.2 0.4 0.6 0.8 0
Top jet tagging efficiency

Pt vs. Pq Hr vs. Hq

Model

AUC AUC
CNN [28] 0.940 0.924
Full AM ,'""6'915 ______ 0 555““‘:
ParT [33] | 0944 0929 |



AUCs at HCAL vs ECAL resolutions

Top jet tagging at HCAL res (0.1). Top jet tagging at ECAL res (0.025).

Pt vs. Pq Hr vs. Hg

Model AUC AUC Mode T V5 Pa Hr vs. Hg
CNN [28] 0940 0.924

Full AM :’ 0.943 0.928 ‘: Full AM;' 0.9467:£0.0002  0.9313£0.0001 |
ParT [33)] E 0.944 0.929 i ParT! 0.949840.0011 0.9348--0.0007 |

MJ

\

The AUC gap between full AM and ParT appears from ECAL resolution!
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Physics-Informed High-Level Features
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Physics-Informed High-Level Features
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Three-prong IIColor triplet I} Color triplet subjets
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Inspecting features appearing below ECAL

|
u ¢ ' Any sub-ECAL kinematic
__/%) d __/%) s : features correlated with
\ . b \ . b I
|

flavor?

One suspected candidate: strangeness?

Example: strange jet taggin _—n
(2003.09517)

e Comparing ECAL vs. HCAL energy
deposits

e |f ECAL and HCAL are
indistinguishable, this information Inner
is less accessible.

e |s this information still accessible

only with kinematics?




Heterogeneity of Jet Constituents

Detector system is not
an uniform object,
but with multiple
subsystems with
various

angular resolutions.

e HCAL: ~0.1
e« ECAL: ~0.025
e Track: fine resolution

This resolution can be
utilized for encoding
the object type to the
constituent kinematics.
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Ag

Ad

HCAL-classified target

0.2

0.2
1 pr=51.2 GeV
|1 p(HCAL|x; pr) = 0.997
0.1 A °
T ]
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: oe®
0.1 Ne
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_0.2 ' ! ' I ! ! ' I ! ! ! I ! ! !
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An
ECAL-classified target
0.2
1 pr = 58.1 GeV
| p(ECAL|x; pr) = 0.964
0.1 1 *
| °
°
0.0 1 §
—0.1 A
1 X Target
] ®  Neighbors
0.2 +————1— ———

An

———
—0.2 —0.1 0.0 0.

1

0.2

Inferring object type
from neighborhood info.

Using jet constituents selected from
t — bcs t— bud

We show that object type can be
inferred only using

10 nearest-neighbor info (pt, eta, phi).
105'5 I_...,__E_ECAL res. EHCAL res.
100 f eI
£ 10 -
=
o
& 5 ] ;
10 9 ©z21 HeAL, all
1 3 HCAL, p(HCAL|x; pr) > 0.95
10 § 271 ECAL, all iy
] 3 ECAL, p(ECAL|x; pr) > 0.95
]+
0.00 0.05 0.10 0.15 0.20

AR to nearest neighbor



How much t—=bud and t—bcs jets differ?

|
T Q <

|
o w0

t-bud vs t-bcs ParT AUC
HCAL 0.5225
ECAL 0.5401
Full-res. (no MC-labeled track mass) |0.5628

Full-res. (with MC-labeled track mass)

0.7872
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t—bud is easier to distinguish
than t=Dbcs.

[
. . -
| _ Jd s VS. QCD Jets
l
T 1 PrT.gE [400, 500] GeV
TABLE III. Asymmetry in classification performance metri
between the t S—y> buc?tggge: jrslil tci (l))csp’fagoger Ztc’fhrei arcf mJ 6 [1507 200] Gev

gular resolutions. A_; 7 is the difference of the performance
metric between the two channels. We show the expectation

and the standard deviation of the metrics from 5 networks * Flavorless tOp Jet (t — bUd) IS

trained with different randomﬁseeds. much easier 1{0) d|St|ngu|Sh
t%bﬁzc t — bes Acsud than with strangeness
HCAL (0.1)  0.9316 4 0.0023 0.9274 - 0.0025 —0.0042 (t—bcs). _ o
ECAL (0.025) 0.9446 + 0.0028 0.9350 % 0.0040 —0.0096 « Why? QCD jet with high jet
Full 0.9466 & 0.0033 0.9432 +0.0042 —0.0034 mass has more chance to
R30%

HCAL (0.1) 19064156  1691+117  —215 have strangeness
ECAL (0.025) 280.3+£47.7  210.8+323  —69.5 '
Full 2078 £ 46.4  274.6+372  —23.2 component than light QCD

jets
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Does Particle Transformer is capable of
Extracting this Hidden Flavor Information?

Top tagging Community challenge dataset res.

Constituent ParT
Constituent—p|  ParT 4-monenta
4-monenta Obj. type
classifier
AUC R30
ParT (reported) 0.9858 1602 £ 81
ParT 0.9859 1741 + 126
ParT Aug. 0.9860 1792 + 111
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Concluding...

A
:

Inspect

« What features
relevant in

describing your
data?

Flavor info hidden in
jet const. kinematics
HCAL-classified target

0.2
1 pr =512 GeV
|1 p(HCAL|x; pr) = 0.997

0.1 1 )

0.0 A X

Ag

0.1 _ .‘l

X Target
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-0.2 +————r1T———1——
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Concluding...

Understand

e« How the inputs and
predictions are
correlated?

Flavor info hidden in
jet const. kinematics
HCAL-classified target

0.2
1 pr =51.2 GeV
| p(HCAL|x; pr) = 0.997
0.1 1 )
] °
S 00 x
] °a®
0.1 L
T X Target
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0.2 s
—0.2 —-0.1 0.0 0.1 0.2
An
Improve
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Will the hidden flavor in kinematics
explaining variable for the gap?

09 HCAL-classified target ECAL-classified target
. 0.2
1 pr =512 GeV 1 pr = 58.1 GeV
| p(HCAL|x; pr) = 0.997 | p(ECALIx; pr) = 0.964
0.1 7 | 0.1 7 °
] ° ]
_ : o
°
5 001 x S 004 Please stay
: o | tuned!
—0.1 1 \e —0.1 -
1 X Target 1 X Target
| ® Neighbors ® Neighbors
02+ 02+ T
—0.2 —0.1 0.0 0.1 0.2 —0.2 —0.1 0.0 0.1 0.2
An An

Top jet tagging at HCAL res (0.1). Top jet tagging at ECAL res (0.025).

Pt vs. Pq Hr vs. Hq

Model

Pr vs. P Hr vs. H
AUC AUC Model T vs. Pq T vs. Hq
CNN [28] 0.940 0.924 e____f}P_Q_________fk_[{(}____ﬁ‘
SO N S - - - - - - - ~ 7
Full AM :’ 0.943 0.928 ‘= Full AM!  0.9467+£0.0002  0.9313+0.0001 !
ParT [33] E 0.944 0.929 E ParT! 0.9498+0.0011 0.9348+0.0007 |
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Dates: Jan 19-23, 2026 Dates: Feb 23-28, 2025

Location: KEK, Tsukuba, Japan Location: IBS (Institute for Basic Science), Daejeon, Korea
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Physics-Informed Architectures

o oot HGS+PY8+Dolphes
Neural networks have been used Fimege ok 507 Gev
. . . o o . r my: 110 GeV
for identifying the origin of jets. T TS ) =
- Convolutional NN (1511.05190) ¢ " i £
- Graph NN § wf = | =
- Transformer (2202.03772) ¥ L
, f v o W A
Current state-of-the-art jet taggers e
are equivariant models: E S N L

Lorentz Symmetry

- LorentzNet (Gong et. al., arXiv:2201.08187)
- L-Gatr (Spinner et. al., arxiv:2405.14806)

Permutation Symmetry
- PELICAN (Bogatskiy et. al., arXiv:2307.16506)

I I
| %, better :
1 LLoCa-Transformer
I LLoCa-ParT L-GATr | |
| 0.988 S I
ParT
0.987
&)
2 Transformer PELICAN-lite
0.986 1 LLoCa-ParticleNet
LorentzNet
0.985 A
ParticleNet Classical
Lorentz
0.984 T T T .
100M  200M 500M 1B 2B
FLOPs

Fig from Luigi et. al., 2508.14898
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