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Jet-Parton Matching for Heavy Particles

» Jet-parton assignment (e.g. top, Higgs
reconstruction) is a crucial component
in tt, ttH, 4top & other high object
multiplicity analyses.

« Standard algorithms compare all
possible permutations of jets per event

& systematics
« Combinatoric diverges with jet multiplicity.

Unsorted list of jets - Target partons
jll jZI j3, j4, j5/ j6l j7, j8 bIepl le le @/ bhadl @/ d, g
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Attention Transformers

« Attention mechanisms are superceding RNNs & LSTMs in
neuro linguistic programming.
« Permutation invariant & can handle variable-length lists

A paradigm shifting impact as seen in Chat GPT, etc.

 Why not use it in particle physics? - Yes, we already do!
- Spa-Net (this & previous works)
* Particle Transformer:

« Attention-Based Cloud Network (ABCNet):

o etc.

H. Okawa Higgs 2023 - Precision & Yukawas Session



Symmetric Tensor Attentions

« Symmetric Tensor Attentions: generalization of attention to
encode symmetries (t&t, beb in H, goq’ in W)

 Natural permutation invariance from attention: no arbitrary p,-
ordering

« Symmetry from particle decays encoded: e.g. Two-body decay

sym metries (W 9q q_’ , H >hb' ) Attention Weights (X: list of particle vectors)

17203 — YJ1 Y J2 Y3 Qitioi
Symmetryic Weight Tensor (for t->bqq case; O/ = X i X_?;Q X-—ip, S
@: learnable weights) '

Qiiiziy . Qi1i2i3 4 Q20113

Joint distributions for particles
lej2j3 _

exp (0.7'1.12.7'3)
Zjl Jjg.j3 XD (0.71.72.73) 4
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Training

« One output per final-state particle & can embed symmetries in the loss

function if needed (e.g. t<>t in all hadronic final state)
CE: cross entropy

Lo = mm Z CE(P;, 0(1)) T: O-distributions containing one
possible valid jet assignment

- .. o: symmetries b/w particles
 Partial Event Training

« Jets are often lost due to the detector acceptance. = e.g. As much as 65% in ttH
semi-lep. events cannot be fully reconstructed.

 Instead of fully discarding such events, we keep particles in the training if they are
reconstructable. Highly efficient usage of training data statistics!

m ~CE(P. _ M: mask term
( Moo CE(P:, Toi)) ) CB: Normalization factor
= CB( M), Moy, Momy)

masked __
['mm

= min

oGy to balance the class of

particle presence



Symmetry Preserving Attention Networks

Unordered list
of object four-
momenta +
additional info
(e.g. btag) &
event-level
variables
(e.g. MET)
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Dataset & Selection

« Generated MadGraph 5 interfaced with Pythia8 for showering & hadronization
 Detector response with Delphes v3.4.2 using the CMS card
« Top mass = 173 GeV

Object selection:

* Object overlap removal done

* Electron, muon p>25 GeV, |n|<2.5.

e Jet pr>25 GeV, [n|<2.5 (dR matching considerd for truth jet-parton assignment)

Preselection: =1-lepton, >4 jets & >2 b-jets (for both tt & ttH)



Baseline: Existing Methods

1. (x2 minimization: The simplest approach, considered in the
previous all-hadronic studies; not considered in this talk)

2. KLFitter: likelihood-based kinematic fitting, assuming or not
assuming a specific top mass (in this talk, the former);
J. Erdmann et al.,, NIM A 748 (2014) 18

3. Permutation DNN: DNN considering all possible permutations;
J. Erdmann et al.,, JINST 14 (2019) P11015
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Reconstruction in semi-leptonic tt & ttH

* New version of Spa-Net can handle different types of physics objects (jets, leptons, etc.)

« Can add event-level variables (MET, MET ¢, etc.)

i A A

« Spa-Net: 75% full event reconstruction

(84-60% vs Njets)

« Permutation DNN: 70%b0 (83-51%)

« KLFitter: 41% (71-12%)
. ttH(- bb)

« Spa-Net: 45% full event (54-33% vs Nj)

» Permutation DNN: 39% (49-28%) Fvents

« KLFitter: 19%b0 (38-5%)

H. Okawa

Niets SPANet Eff. (%) PDNN EAf. (%) KLFitter Bff. (%)
Ev. iH tL H Ev. tH tL H Ev. tH tL H
=4 81 80 86 - 74 80 78 - 60 66 65 -
All tt =5 T4 72 84 — 638 69 79 - 32 37 A7 —
Events >6 66 61 82 — 57 53 75 — 18 20 35 -
All 76 73 85 - 68 69 78 - 42 44 53 -
=4 84 84 90 — 83 83 89 - 71 71 77 —
Full ¢ =5 73 74 87 — 69 71 84 — 28 39 52 -
Events >6 60 63 84 - 51 55 79 - 12 21 37 -
All | 75 T6 87 - | 70 72 8 - | 41 47 58 -
=6 43 54 69 50 33 48 57 43 31 36 55 43
All ttH =7 39 48 68 49 31 43 58 43 16 25 47 29
Events >8 | 34 42 68 47 | 27 36 56 40 | 11 15 46 24
All | 40 49 69 49 | 31 43 57 43 | 21 26 50 34
=6 54 65 73 62 49 60 68 58 38 49 60 48
Full ttH =7 42 55 70 56 36 50 64 51 13 31 48 31
> 8 33 47 69 52 28 42 60 46 05 17 46 24
All 45 57 71 57 39 52 64 52 19 33 52 35
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New Features: Regression of Kinematics

il .. ..

n calculated from
m,, constraint
wyw
n from Spa-Net

- reg ression

4 -3 -2 -1 0 1 2 3 4 "4 -3-2-10 1 2 3 4
True neutrino n True neutrino n
» Spa-Net can now train to reconstruct tt & simultaneously train to regress a variable (e.g.
neutrino n or p,, tt invariant mass)

* Neutrino n is more diagonal than the traditional method w/ improved RMS (1.39->0.9).



Particle Presence Outputs

« Assignment

probability: Given ¢

or His present, are
the predicted jets
correct?

Detection
probability: Is for
H reconstructable?

Marginal
probability:
essentially the
product of the two
above
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Likelihood Comparison

0.08 E=3 Correct 0.6 = Correct

0.3 ] Correct

1 Incorrect 1 Incorrect B 1 Incorrect
6 =3 ot Reconstructable =3 Mot Reconstructable 1 Not Reconstructable
0.0 > 04 >
£ 2 0.2
c c
0.04 5 51
0.2 0.1
0.02 L
0.00 0.0 L 0.0
—100 —80 —60 —-10.0 —=7.5 —5.0 —2.5 0.0 —20 —15 —10 —D 0
KLFitter Event Log-Likelihood PDNN Log-Likelihood SPANet Event Log-Likelihood

« Event-level likelihood is evaluated for KLFitter, PDNN & Spa-Net

« Permutation methods (KLFitter & PDNN) can only provide event-level
scores W/ little separation for correct/incorrect assignments
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Computational Overhead

106
"&; 5o tf x* Baseline = {{it > Baseline P +°
= 107 == i7spaNercpu — = titt SpA-NET CPU L~
v 100 — f SPA-NET GPU ettt SPA-NET GPU Rl
CLC = {tH \* Baseline " - -
& 103 — v it sonmeer CRU All hadronic final states
2 oqp2 T ASeRErGRU _ A. Shmakov, M. Fenton et al., SciPost
2 10 e T Phys. 12, 178 (2022)
ST T C mmmmmmmmmmmmmmm—ee
) 10_1 _________ m-r_r_—_w-ﬂ-l'h___
s e
1072
6 7 9 10 11 12 13 14 15 16
Jet Count

- A few orders of magnitude

improvement w/ Spa-Net from 2 or
KLFitter. A further acceleration w/ GPU.

« One order of magnitude faster than
permutation DNN for ttH (i.e. high

multiplicity events)!

H. Okawa

Semi-leptonic final states

tt

ttH

KLFitter

24 events per second

2 events per second

PDNN CPU
PDNN GPU

2626 events per second
3034 events per second

51 events per second
101 events per second

SPANet CPU
SPANet GPU

705 events per second
4407 events per second

852 events per second
3534 events per second

Higgs 2023 - Precision & Yukawas Session
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https://scipost.org/SciPostPhys.12.5.178

Event Reconstruction Purity

Ablation Studies: Symmetries

 Network approximately learns

0.5 1 Leptonic Top

Hadronic e Rotation & Lorentz symmetries!

i - Randomly rotate in ¢ & mirrored across
_..HI l& the beam axis = negligible difference in
T —15 T/_:/; 0 H 15 20 pe rfo rmance

Absolute Difference in Truth Marginal Probability (%)

« Adding Lorentz invariance to the network

0,725 e does not change the jet-parton
222 / assignment accuracy for most cases, but
0.650 I//* improves the performance for small
ZZ;Z datasets & visible improvement in speed
0.575 (see backup).

10% 10° 106 107

Number of Training Examples (log Scale)
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ttH(>bb) semi-leptonic

« Spa-Net outperforms existing methods!
(AUC=0.704, 0.708 - 0.771)

 Full Spa-Net implementation w/ fine
tuning is the best

- Spa-Net reaches 3(5)o0 w/ Run-2(3)

whereas benchmark methods cannot

Signal
significance

Upper cross

section limit [pb]

Upper signal
strength limit

KLFitter BDT
PDNN BDT
Spa-NET BDT
SPA-NET pre-training
SPA-NET fine-tuning

240 (4.10)
240 (4.10)
3.00 (5.20)
2.70 (4.80)
3.10 (5.70)

0.426 (0.248)
0.421 (0.246)
0.340 (0.196)
0.371 (0.214)
0.332 (0.179)

0.840 (0.489)
0.831 (0.486
0.671 (0.387
0.732 (0.423
0.655 (0.353

S~~~
N e et e

H. Okawa

Numbers: Run 2 (Run 3)

1.0 A

0.8 1

Background Rejection

0.2

0.0

0.6

0.4 1

Leads to improved
signal significance
by a factor of ~1.4.
—— SPANet Fine-tuning:, AUC = 0.771
SPANet BDT, AUC = 0.762
— = SPANet Pretraining, AUC = 0.744
----- DNN BDT, AUC = 0.708
KLFitter BDT, AUC = 0.704
0:0 0j2 0j4 016 0j8 le

Signal Efficiency

Transformer architecture provides meaningful

embeddings for every jet, particle, and event: a big

benefit over permutation-based models
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Top Quark Mass Measurement

e 2D fit to the invariant mass

distributions hadronic top quark & W ra
performed.

« Only jet scale factor systematics (£4%) ]
IS considered. 0.998"

« Top mass & JSF are extracted by a
template fit from MC.

0.996 1

0.9941 e KLFitter m; =172.006+0.193

« 159% improvement in uncertainty PDNN m, = 172.061+0.176
. o SPANet m; = 172.036+0.165
from benchmark methods. - sitil 0.992] . perfect m. = 172.068.0.10
room for further improvement compared to the | | | | | | |
. . 171.4 171.6 171.8 172.0 172.2 172.4 172.6
perfect jet assignment m, (GeV)

H. Okawa Higgs 2023 - Precision & Yukawas Session 16



Impact on Z'->tt Searches

« Z'>tt searches are already

1 truth No Cut

10° 1 ;__F*’—"-_-L-.___L [ truth after PDNN.Cut 1000 1 i1 KLFitter assign. A
dominated by systematic uncertainty. | e = e,
' C2IT s 5001 =1 spane ssin. & ta
- Spa-Net probabilities allow usto .
select signals while significantly 7
suppressing the BG. wl P pmmemmeenen 5 ? o
- Evidence or discovery could i SRS
happen even if not doable w/ o] e 1A e
traditional methods. (e.g. 2.5 T = L S e S o P
5.5 for /(500 GeV)) S R T
KLFitter PDNN SPA-NET SPA-NET w/ n" Numbers:

mzr = 500 Gev
mozr = 700 GeV
mgzr = 900 Gev

1.20 (2.50)
1.60 (3.30)
1.90 (3.90)

1.80 (3.50)
2.50 (4.90)
2.80 (5.50)

2.80 (5.50)
3.10 (6.10)
4.30 (8.50)

2.70 (5.40)
2.90 (5.70)
4.10 (8.20)

Run 2 (Run 3)

Assumes improved

H. Okawa
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syst. in Run 3
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Summary

« Spa-Net provides efficient & excellent performance for event reconstruction
in complex final states from multi-objects.
« Superb CPU/GPU time, no limitation on object/jet multiplicity
 Possible application to any jet-parton or even any “X"-"Y"” assignment problem

 Transformer architecture provides us with meaningful embeddings for every
jet, particle, and event: a big benefit over permutation-based models.
» Reconstruction of missing components (e.g. neutrino n),
« Direct signal/background discrimination,
 Quality metrics to reject unreconstructable events.

« References:
« [newest paper!] M. Fenton, A. Shmakov, H. Okawa et al., arXiv:2309.01886 (2023)
« A. Shmakov, M.Fenton et al., SciPost Phys. 12, 178 (2022)
« M. Fenton, A. Shmakov et al., Phys. Rev. D 105, 112008 (2022)
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https://github.com/Alexanders101/SPANet
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New Features: Regression of Kinematics

H. Okawa
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Ablation Studies: Kinematic Range

—
(=)

=
oo

- Kinematic range of the training is
\W\j important! - If trained on events

S

= 06 w/ m;<600 GeV, reco eff. degrades in

2 0 —— higher mass region

S 02 < 600 GeV 2’ -

E — SMu * No dependence on the process (SM tt
S0 00 600 300 1000 1200 1400 orZ')

Top Quark Pair Invariant Mass (GeV)
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Ablation Studies: Lorentz Symmetry

0.725 = Invariant Attention _-;/*"‘- ° Addlng LOrentZ |nvar|ance tO the
Regular Attention s TR .
0700 / network does not change the jet-

0.675

0.650 I/'/+ parton assignment accuracy for

Event Reconstruction Purity

ZZZ most cases, but improves the
0.575 performance for small datasets.
104 10° 10° 107
Number of Training Examples (log Scale)
LR » Lorentz invariance brings visible
g 60K Regular Attention . - d, -
5 sox improvement in speed.: i.e.
§ 0 significant reduction of batches
o 30K .
e o needed to train the network.
::r; 10K
oK

10° 10° 10’
- Number of Training Examples. (Iog._lUS:(J:VaI_ev)_v L Yukawas Session 99



ttH(>bb) semi-leptonic

higgs mass: >=6jets & >=4bjets higgs mass: >=6jets & >=4bjets
ttbar KLFitter 0.040 ttbar SPANet
0.07 1 ttH KLFitter, metric = 6.1902 ttH SPANet, metric = 10.6894
g > t . 0.035 |
0.030 -
A 000 0.025
b . ]
H 0047 0.020
————— 0.03 1 0.015 4
E 0.02 4 0.010 A
1 0.01 0.005 1
g < f 000 0 25 50 75 00 125 150 175 200 0:000 0 25 50 75 100 125 150 175 200
g b . * ttbb background is rather large with very

similar kinematics to ttH.

|

« t& H kinematics are main inputs to the BDT.

’ « However, the fraction of reconstructable
events is only 35% in ttH semi-lep. events.
- “Goodness” of the jet-parton assignment is also important to remove
unreconstructable events. - i.e. likelihood for KLFitter, a score for permutation DNN
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ttH(>bb) semi-leptonic

H. Okawa

Variable

Definition

General kinematic variables

ARG
&R;‘:ﬂ FT
Anpmax
H'_I[\‘ad
nl;&in AR

min AR
;i

Higgs 30
Ny

min
&R!.bb

Average AR for all b-jet pairs

AR between the two b-jets with the largest vector sum prp

Maximum An between any jet pairs

Scalar sum of jet pp

Mass of two b-jets with the smallest AR

Mass of any jet pair with the smallest AR

Number of b-jet pairs with invariant mass within 30 GeV of the Higgs mass

Smallest AR between the lepton and the combination of the two b-jets

Variables with Higgs boson and top quark reconstruction

Higgs
ﬂlbb
MHblep top

Higgs
&Rbb
ARp s

A RH. leptop
&RI!-bh;uhup

Mass of the Higgs boson candidate

Mass of the Higgs boson candidate and b-jet from leptonic top quark candidate
AR between b-jets from the Higgs boson candidate

AR between Higgs boson candidate and ¢f candidate system

AR between Higgs boson candidate and leptonic top quark candidate

AR between Higgs boson candidate and b-jet from hadronic top candidate decay

Scores from jet-parton assignment

LHD

AppNN
A higgs

-'E-'-higgs
‘410 ptop
Dlt_' ptop
Myeptop
Ee ptop
A hadtop
D hadtop
J?L!rhr-u'ltop

-Eh adtop

Log-likelihood discriminant from the KLFitter

Assignment score from Permutation DNN

Assignment probability of Higgs boson target from Spa-NET
Detection probability of Higgs boson target from Spa-NET

Marginal probability of Higgs boson target from Spa-NET

Assignment entropy of Higgs boson target from Spa-NET

Assignment probability of leptonic top quark candidate from Spa-NET
Detection probability of leptonic top quark candidate from Spa-NET
Marginal probability of leptonic top quark candidate from Spa-NET
Assignment entropy of leptonic top quark candidate from Spa-NET
Assignment probability of hadronic top quark candidate from Spa-NET
Detection probability of hadronic top quark candidate from Spa-NET
Marginal probability of hadronic top quark candidate from Spa-NET
Assignment entropy of hadronic top quark candidate from Spa-NET

« Most kinematic
variables are taken
from the latest ATLAS
results.
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Z'>tt

= ROC Curve for Z' 500 GeV %‘ ROC Curve for Z' 700 GeV %‘ ROC Curve for Z' 900 GeV
@)
c | C 1.0 Y% SPA-Netmarg. prob. [opt] > 0.083 o C 1.0 Y% SPA-Netmarg. prob. [opt] > 0.13 s
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L ¥ SPA-Net marg. prob. [ave] > 0.078 . = ® PDNN score [opt] > 0.44 "_——“':‘.--""‘ R @® PDNNscore[opt] > 045 .- =TT
= ® PDNN score [opt] > 0.39 P Eﬁ O PDNN score [ave] > 0.43 __-~"T E O PDNN score [ave] > 0.43 A ‘
wo.8 O PDNN score [ave] > 0.43 /'/ — 0.8 -~ — 0.8
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S 5 5 e
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N 0.6 £06 W £06 /*’
-IQ—J) % J//, % ’/,’
2 0.4 04 7 0.4
() / () !

S = > S
ﬁ 0.2 _____ SPA-Net marginal (AUC = 0.61) E 0.2 ----- SPA marginal (AUC = 0.75) -(z 0.2 ..... SPA marginal (AUC = 0.76)
DO_ 4 N . PDNN (AUC = 0.54) o S AT e PDNN (AUC = 0.63) o S T e PDNN (AUC = 0.64)
U —— KLFitter (AUC = 0.50) ) —— KLFitter (AUC = 0.44) ) ) —— KLFitter (AUC = 0.39)
30.0 2 0.0 20.0"°
F 0.0 0.2 0.4 0.6 0.8 1.0 = 0.0 0.2 0.4 0.6 0.8 1.0 = 0.0 0.2 0.4 0.6 0.8 1.0

False Positive Rate (BG Efficiency) False Positive Rate (BG Efficiency) False Positive Rate (BG Efficiency)
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Selling Points of Spa-Net over Perm. DNN

1. Better reconstruction efficiency for top quarks (or any other
particle of interest)!

2. Provides detailed quality metrics (particle-level scores) to
remove unreconstructable events (3 probabilities & entropy for

each particle)
3. Can run regression/classification in parallel.
4. Less hyperparameter optimization needed
5. It's MUCH faster!



Spa-Net Package (new version!)
https:/ /github.com/Alexanders101/SPANet

Spa-Net is not limited to top & ttH physics!

New features in v2:
1. New configuration file format with more options on inputs and event topology.

2. Allow for several different inputs, including global inputs (e.g. MET, MET ¢) for
additional context.

3. New Regression and Classification output heads for performing per-event or
per-particle predictions.

4. Gated transformers and linear layers for more robust networks. Less
hyperparameter optimization.
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