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B} New Physics Beyond SM- LLPs =T

Long-lived particles (LLPs) are important ways to new o i

physics ' 708’?0“’

« Many particles in BSM models have a relatively long lifetime: 101 ® 9 @ 15 1
weak coupling to SM particles, maybe new scalars, dark — sl ZO%'
photons, ALP, SUSY.... AL SR R B
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LLP topology, a strong signature for detection:
« Displaced vertex with a long distance from the main vertex _ - _

 Different performance for neutral particles: a burst of energy —cuwged | BSCE dilpton B icpion

. L. . W quark
appearing of nowhere and far away from the collision point il
disappearing displaced
track lepton
Arvvnnnn,
Potential with Lepton Collider: | .
» The advantage of the lepton collider: clean environment i
« Making use of deep learning techniques: Image diptcnt / o, diplced
recognition and pattern identification o - e
displaced v displaced ou(l—]:)‘ll'-riil:.]l::lcc‘i:uys

vertex conversion



B LLP at CEPC

We consider two LLP final state scenrios in CEPC: 2-

jet and 4-jets final state

* We use the full simulation sample using CEPC
official software (v4) to an integrated luminosity of
20 ab-"

Acceptance (%) Lifetime [ns]

Mass [GeV] 0.001 0.1 1 10 100 ete” > ZH - vi+ X +X - viqqqq

1 100.00 £ 0.00 99.86 £ 0.01 48.76 = 0.18 6.49 = 0.09 0.67 £ 0.03
10 100.00 £ 0.00 100.00 £ 0.00 99.78 &= 0.01 46.80 = 0.16 6.22 £ 0.08
50 100.00 = 0.00 100.00 £ 0.00 100.00 = 0.00 99.31 + 0.03 40.37 £+ 0.16

 Displaced vertex of LLPs: 0< rgecay <6 m
« Traditionally, need a special vertex reconstruction
algothrim



l Analysis Strategy

Advanced neural networks trained with low-level detector information:

Data Processing Network Application

Detector
Responses

* No need for vertex reconstruction and object
reconstruction

5-Class Prediction Scores Post-Processing

: /"\
Signal: 1 detectable LLP . Signal NN signal |
Signal: 2 detectable LLPs Efficiency

O- detectable LLPs L

SM Background: 4-jet

GNN Signal

Efficiency

SM Background: 2-jet v

Signal: LLP events
Two scenarios: 0-llp as signal and O-llp as

background

» Detector response has been calibrated and detector Background: SM process

resolution has been considered
» Universal treatment for all decay channels

Post-Processing: converting 5-class output
to a 2-class classfication task

Statistical
Analysis




l CNN: ResNet

« Converting the detector information to 2D image

« Use ResNet18 model with the cross-entropy loss

ete” > ZH - vi+X+X - viqqqq

R [m]

101 CEPC Simulation
Vs =240GeV
ete">ZH-vi+ X+ X

m  Tracker Hits .
LLP Decay Vertex: - 10
3.69 m, 2.16 rad
LLP Decay Vertex 2:
0.99 m, 4.37 rad

B 101

10°

107!

1072

Cross Entropy Loss: loss = —[wg * Vo log(xy) + wq * y; log(xy) + w5 * v, log(xy) ]

Class 0: 2-fermion bkg
wWo = 0.5

Class |: 4-fermion bkg

| Class 2: LLP Signal |

Hit time [ms]



l CNN: ResNet

e
Al connection
- softmax

Block4 = 2

Blockd ~ 2

1 0 e

avgpool
Blockl » 2

The structure of the ResNet18: 4 convolution blocks and 1 MLP layer
Output : 5—class score after softmax

Prob. of cach classes



 GNN

The detector hits in the calorimeter and tracker are converted to point-cloud dataset
« Simple clustering is used to reduce graph complexity
* Nodes of the same detector type are fully connected

Features of nodes: calorimeter-type and tracker-type.

Features of edges: interaction between neighbor nodes

Features Variable Definition
|5 the space-time interval
|| the invariant mass
x ; N; the number of hits
calorimeter type node i 1425

ni % In =

O tracker type node & arctan®e

R N+ ¢?

— tracker type edge

4
zz;,

calorimeter type edge between node i and 5 | P o
I'ri 'r_' I’ Ipl

o P Pips T4 Piges Vi Tjp
o1, % — nj, i — &5, Ri — R;

Ir]

euclidean distance

N; the number of hits
. tracker type node @ o é In :—ig
O calorimeter type node . Bogkay
— calorimeter type edge e i
tracker type edge between node i and j Iri — rj], riry, % — nj, & — 5, Ri — R;




 GNN

« DIB (detector information block): considering Lorentz equivariant in the graph network
« HDIB (Heterogeneous detector information block): The output of the DIB exchanges information in the

MLP layer
R xRt XY - Detector Information
. N -/ Block (DIB) Output : 5—class
2 , B Pooling ~ Scores score after softmax
8 . [l Network of MLPs (¢)
(] \
> > > \ Decoding
o L E— \
& B 1 t
; i |
° - \ L L
(2] : h h
3 \ g T < T : )
: . (sE— —— masE
g" \'-\ A A HDIB A A )
3 S L h
: X (L—1) HWH
g I [ |x2 | |x¢
=] s
S e t t | t

calorimeter  calorimeter tracker tracker
! node edge node edge




I CNN & GNN Training Results

The training/ test loss looks reasonable for all mass and lifetime points

Cross Entropy Loss
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True Label

XGBoost

XGBoost is used to convert a 5-class classification task to 2-class classification task

Confusion matrix

LGN 0.048044 0.000203 0.000113 0.000002

2f

0.8

& - 0.157678 QeR:LyElpAN 0.000000 0.000011 0.000009
0.6
S
%— 0.003480 0.000000 [meR-SILLIAN 0.139542 0.000420
(a)]
c
-0.4
r-‘I
;— 0.000180 0.000004 0.016151 puekElyiEpa 0.046933
(a)]
c
-0.2
)
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c
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Signal efficiency @ [50 GeV, 10 ns]: 95%

XGBoost
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l Signal Efficiency

« Both CNN and GNN achieve high signal efficiencies while rejecting all SM backgrounds
» Similar trend seen across different LLP mass and lifetime considerations.
» Systematics uncertainties of 2.0%

* Luminosity and neutral network training uncertainties .| CEPC simulation
« Pile-up and cosmic rays background are neglected Ve =240Ge¥
1.4 ete” = ZH — qg /v + XX
By CNN GNN
a 1.2 : 50 GeV <Q> 50 GeV
. o . f .:‘..).’ 10 GeV % 10 GeV
Approach Efficiency (%) Lifetime [ns] % % LGV 3 1Gev
Mass [GeV] 0.001 0.1 1 10 100 g ! ® 2
1 81.8+0.1 90.7+0.1 789+02 744+06 76.5+1.9 g s i s
CNN 10 802401 89.5+0.1_912+01 887+0.1 83.6+0.5 @
50 87.5+0.1 96.7+ 0.1| 99.3+0.0 I98.4 +0.0 93.5+0.1 % 06
_ ’
1 829+0.1 894+01 v99+02 79.9+06 80.2+1.8 fé
GNN 10 76.7+0.1 86.0+0.1 91.2+0.1 85.7+0.2 83.7+0.5 g 0.4 %
50 88.0+0.1 91.8+0.1 974+01 974+0.1 93.0+0.1
0.2
Best efficiency at 99% (50 GeV, 1ns)
0.001 0.01 0.1 1

O-llp is considered as signal

Lifetime [ns]

S 4



l Comparison between Non-XGBoost and XGBoost

» XGBoost can reduce the uncertainty and improve the signal efficiency in both scenarios
Backgrounds are all rejected in both scenarios

» Training uncertainty is calculated by (standard deviation)/(mean value)
Each training dataset contains 5*10° events

O-llp belongs to signal

_ 50 GeV 0.1ns |50 GeV 10ns 1 GeV 10 ns

0.81 (9.9%) 0.95 (1.1%) 0.57 (13%)
CNN+XGBoost  0.96 (1.1%) 0.99 (0.33%) 0.69 (4.7%)

0-llp belongs to background: overlap with SM background or other BSM physics

_ 50 GeV0.1ns |50 GeV 10ns 1 GeV 10 ns

0.81 (9.9%) 0.74 (10%) 0.14 (27%)
CNN+XGBoost  0.96 (1.1%) 0.95 (1.2%) 0.19 (23%)
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95% C.L. Upper Limit of BR(H — XX)

10~

10~

107

10~

LLP Search Limits

The best expected limit of BR(H — XX) achieves 10-°

Outperforming the current limit from ATLAS and CMS by 2 - 3

orders of magnitude

An order of magnitude better than the ILC when the lifetime of

LLP is over 1

ns

e,= BR(X=)/BR(X~{q)
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https://arxiv.org/pdf/2203.08347
https://cds.cern.ch/record/2920462
https://arxiv.org/pdf/2401.05094

I LLP 2D Sensitivity

B(H — XX)|gj0 ( x 10°)

» We also provide the 2D likelihood for 95% Confidence Level upper limit on BR(H — XX) with 2 jets and

4 jets final state

* Keep €,= BR(X=vv)/BR(X—=qq) float during limit extraction
» Higher mass and shorter lifetime scenarios have better sensitivities
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l Local-contrastive-learning Machine (LCLM)

LCLM network utlizes the concept of the fermion and P q , A T
boson: L=) >|o*Di+1-a*)p(dr - D})| + > Iwlla.

» Different pair of samples -> fermion
» Similar pair of samples -> boson

Fermi-boson network has good performance in both discrimination and robustness against class-preserving
perturbations.

Fermi-boson network PCA outputs
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Sci. China Phys. Mech. Astron. 68, 210511 (2025)
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https://link.springer.com/article/10.1007/s11433-024-2504-8

l Fermi-Boson Network

 Training the CNN block with Fermi-boson loss: | e —
CNN block has 5 layers i

» During calculating the Fermi-boson loss, a /7 L ] (o=
simple average pooling is applied PR ZL J

25 128

 Replacement: replacing the input by the LCLM T o
output, [batch, 2, 100,100]

Training procedure

Scores of 5 classes

' , 1 LCLM .

| LtP datafset in CNN block Dataset applied ResNet 18 bycthefSof.tmax

| shape o [200, ZOOL 5 lavers by the LCLM (Con usion
4 ¢ Matrix)

J

Trained for 10 epochs Trained for 10 epochs
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l Fermi-Boson Network Performance

» The confusion matrix of the LCLM shows that the separation between the background and signal is larger for

LCLM:

 5-class classification during training
SM Background: 2 fermions(2f) and 4 fermions (4f)

True Label

LLP Signal: nLLPs_0,1,2

Confusion Matrix

w BEENGEEN 0.048044 0.000203 0.000113 0.000002
0.8
0.157678 [ek:-LyElyal 0.000000 0.000011 0.000009
0.6
°
;— 0.003480 0.000000 MeR-BLLLIA 0.139542 0.000420
(=]
c
-0.4
=
é— 0.000180 0.000004 0.016151 MOkl YEPE 0.046933
[a]
c
-0.2
NI
é- 0.000010 0.000008 0.000376 0.081008 peR=NE:EL¥)
o
c
I | -0.0

1 |
2f af nDLLP 0 nDLLP_.1  nDLLP2
Predicted Label

Default CNN, trace: 4.5
mass=50 GeV, lifetime=10 ns

True Label

Confusion Matrix

~ TRUEELLSYA 0.049185 0.000288 0.000070 0.000000
0.8
& - 0.183406 MeRFELI 0.000000 0.000018 0.000010
0.6
S
%— 0.005216 0.000000 mex-3SWyilN 0.182188 0.000819
(a)]
c
-0.4
r-‘I
;— 0.000137 0.000010 0.014754 espricklom 0.060109
(@]
c
-0.2
o
%— 0.000006 0.000006 0.000343 0.073766 pEOAPEIFE:]
(a)]
c
| | -0.0

1 1
2f af nDLLP_O nDLLP_1 nDLLP_2
Predicted Label

LCLM trace: 4.4
mass=50 GeV, lifetime=10 ns
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l Fermi-Boson Network Performance

» LLP signal efficiency are derived after applying a score threshold to reject all backgrounds.

« XGBoost is used to for further optimizations when combing signal and background regions.

« Small difference seen in efficiency and uncertainty

B e G b e 5-Class Prediction Scores Post-Processing

- P N

Signal: 1 detectable LLP . Swignal

Signal: 2 detectable LLPs
Detector . S.ig'nal
Responses CNN+LCLM Efficiency

category LCLM +XGBoost CNN+XGBoost
(5%x10° events) (5%x10° events)

Signal efficiency 0.99 0.98

Training uncertainty  0.30% 0.33%
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l Summary and Outlook

LLPs Search with Deep Learning at Lepton Collider
« Clean environment with distinct detector signature
- Best exclusion limit on BR(H—LLPs) @ 20 ab-1: 1.2*10-¢
1D and 2D sensitivity results
« Significant enhancement from deep learning techniques
- Simplified analysis strategy compared to the traditional method
* Low-level detector information without full reconstruction
« Signal efficiency as high as 99%
« biggest improvement in shorter lifetime region
« Application of LCLM algorithm to improve network stability and reduce training uncertainty

« Study ongoing



Backups



l Far Barrel Detector (FBD)

(background free)

The gain attributable to the FBD, located 100 .
meters outside the near detector, can be 4 o
estimated by comparing the LLP signal yields y ; ,

_L+AL
F A (1-e @ 1]1+1
gain — [
i 1—e d

* pup=70GeV,my, =1GeV,t = 100ns,d = yBct = n%CT ~ 70 % 3 %
10_8?* 100 * 107 %s = 2100m

* The angular acceptance (AQ /4x) is 0.72 (non-uniform distribution in theta,
see backup slides)

» L is the length of the muon to IP
» dis the exptected decay length of LLP

AQ .
i the angular acceptance

AL is the gap between the FBD and the muon losm
detector * The gain at 100ns for 1GeV FBD is Fy4;n, = 1+ 0.72 * (1_6—6mm -1 =
1—e 2100m

12.7
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l Far Barrel Detector (FBD) « Estimating the cost by the surface area and comparing
the gain factor with different LLP detector scenarios

« One advantage comes from good angular acceptance

The gain attributable to the FBD, located 100 * Another big advantage comes from combined detection with
meters outside the near detector, can be NEEL PRI EENE Ui [T el e
estimated by comparing the LLP signal yields

(background free) . o

120000

- 100000

L+AL A 4
10 4

— 1 + 1 - 80000

_AQ[1-e

Fgain AT

Q| a

1—e

- 60000

Gain
=
Area(m?)

« L is the length of the muon to IP
» dis the exptected decay length of LLP 0 L 40000

AQ . l
* s the angular acceptance 4 g &

AL is the gap between the FBD and the muon - 20000

detector
' o )

A

FBD (106m) FBD (66m) FD3 LAYCAST MATHUSLA FASER
Detector
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Cut-based Method

Selections
generated

ee > LH
0.99 x 107

LLPs Signal with Z — jj
1.0 x 10°

ee =¥ qq
2.5 x 108

decay in muon detector
Mg — mz| < 16GeV
Mgz — mu| < 15GeV
0.23 < y12 < 0.72
Eajers > 30GeV
min(AT;,, ATj,) > 3ns

6516657 796596
4013875
229703

129,546

134559
113723
104942

Efficiency

50.80% 7.7x107% 14x107°
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