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STANDARD MODEL AND PHYSICS BSM

Standard Model of Elementary Particles
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B 106 3 \s=5,7,8,13,13.6 TeV - 3
o wh o e, = e 4o Standard Model describes well the building blocks of matter
A “o LHC pp V5 =8 TeV ] . . .
Sj 10t b o vz-wo0 g (quarks and leptons), and their interactions (electromagnetic, weak
§ 10° | oo = oo} and strong), with force carriers (photons, gluons and W/Z bosons),
m| ) e . e, = omemer 1 acquiring mass via the Braun-Englert-Higgs mechanism
-~ f " ey BB o ] . . L
j) 10' g - woll : * Good agreement of experimental results with the theory prediction
% il .~ “ 1+ Anumber of phenomena cannot be explained by the SM
l 107 F ah a gl ‘ . . . . .
! ; a1 * Discrepancies can be explained by the existence of physics Beyond
1072 F E .
< 7 the Standard Model (e.g. Dark Matter candidate)
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https://science.nasa.gov/dark-matter/
https://doi.org/10.1046/j.1365-8711.2000.03075.x
https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PUBNOTES/ATL-PHYS-PUB-2024-011/

INTRO: LHGC BSM SEARCHES STRATEGY

Analysis optimization Statistical interpretation

Full model Simplified model Model independent Model dependent
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CL _ _Ps+
’ 1 —pg

How significant is the excess? Is the model excluded?
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* Model excluded at 95% CL

800 - HO L ~ ~+ ]
a— . nin + Rule of thumb in BSM: for CLs_obs <0.05
- e e . — (exc|us|on)_

7 *~ 3-10 SD: sign of new

physics * Analyses optimised to

| maximise parameter space
°~ 2 SD Sma” exXcessS with CLS_eXp < 0.05

(sensitivity).

Observable 2

Strategy
* No favoured theory or mass of new physics
wg@ - Test any incarnation of new physics at the LHC

* Impossible to test all models and the parameter space, priority

given to feasable searches with best theoretical motivation

Observable 1 ) . . - (.
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https://iopscience.iop.org/article/10.1088/1742-6596/664/7/072004
https://doi.org/10.48550/arXiv.1105.3166

INTRO: STATUS OF LHC BSM SEARCHES

ATLAS Preliminary s =13, 13.6 TeV, 36-196 fb!

ATLAS SUSY Searches” - 95% CL Lower Limits

March 2026

ATLAS SUSY Summary Plots

. In BSM searches in ATLAS or CMS no significant sign of new physics (> 3 o SD)
was found to date @), exclusion limits set (mapping of excluded paramter space)

- Few analyses have observed small excesses ~2 ¢ SD, LHC BSM WG &

. . A
Model Signature  [£dr (] Mass limit Vs=13TeV  +s5=13,13.6 TeV Reference
L] L] L] L] L] L] L] Ll I L] L] L]
@, G—40) Oe,p 26jets EP™ 140 1.85 m(¥})<400 GeV 2010.14293
% mono-jet  1-3jets  EP™ 140 G [8x Degen.] 0.9 m(g)-m(¥))=5 GeV 2102.10874
S 28 g-q3\) Oepu  26jets EMS 140 |z 2.3 m(EY)=0 GeV 2010.14293
& z Forbidden 1.15-1.95 m(¥})=1000 GeV 2010.14293
B 3 zoqaWh Tenu 2-6 jets , 140 |2 2.2 m(¥?)<600 GeV 2101.01629
Q 32, 8-494(OX, ee, ppt 2jets  EY™ 140 | 2.2 m(¥})<700 GeV 2204.13072
G 22 2-qqWZX, Oep  7-11jets  EY™ 140 |2 1.97 m(¥}) <600 GeV 2008.06032
% SSe,u 6 jets ' 140 |z 1.15 m(z)-m(¥})=200 GeV 2307.01094
S g g 0-1e,u 3b EPS 140 |z 245 m(¥})<500 GeV 2211.08028
SSeu  6jets 140 |2 1.25 m(z)-m(¥1)=300 GeV 1909.08457
biby Oe,u 2b  EMS 140 | By 1.255 m(¥})<400 GeV 2101.12527
by 0.68 10 GeV<Am(b; 11)<20 GeV 2101.12527
w = Dbiby, bi—b¥S - bhi® Oe,u 6b EMss 140 | By Forbidden 0.23-1.35 Am(F2, 7%)=130 GeV, m(¥?)=100 GeV 1908.03122
% -% 27 2b EMs 140 | By 0.13-0.85 Am(¥5,79)=130 GeV, m(¥?)=0 GeV 2103.08189
22 if, o) 0-1e,u >ljet  EMS 440 | F 1.25 m(Y)=1Gev | 2004.14060, 2012.03799
: §_ iy, i —WhE) Teu  3jets/Th E™ 140 | @ Forbidden 1.05 m(¥})=500GeV | 2012.03799, 2401.13430
S = ii, h-tby, #1516 127 2jets/1b EP™ 140 |7 Forbidden 1.4 m(71)=800 GeV 2108.07665
= ‘1;3 ff, f _m,?? / &, 5_>c,\7? Oe,u 2¢ ET'S 139 ¢ 0.9 m(¥%)=0 GeV 2410.17824 +
els} Oe,u  mono-iet EPs 140 |7 0.55 m(f,&)-m(¥))=5 GeV 2102.10874
fiiy, il -k, X9~ Z/hit) 12eu 14b  EFS 140 |@ 0.067-1.18 m(¥9)=500 GeV 2006.05880
hiy, o +Z 3e,u 1b ET'S 140 7 Forbidden 0.86 m(¥})=360 GeV, m(f, )-m(¥})= 40 GeV 2006.05880
XX via wz Multiple £/jets EMs 140 | X0 0.96 m(¥})=0, wino-bino | 2106.01676, 2108.07586
ee, >1jet EP® 140 | X; /X/E 0.205 m(¥r)-m(¥})=5 GeV, wino-bino 1911.12606
/?T}T via WW 2e,u E?%SS 140 /\7:: 0.42 m(,??):O, wino-bino 1908.08215
XiXS via Wh Multiple ¢/jets EP™ 140 | X% Forbidden 1.06 m(E))=70 GeV, wino-bino | 2004.10894, 2108.07586
- XX vial, v 2e,u Ep 140 | X7 1.0 m(Z,7)=0.5(m(¥;)+m(E))) 1908.08215
2§ ol 27 Ef™ 140 |ENFERFRIorss) 0.5 m(e})=0 2402.00603
WS 7rlg, (00 2e,u Ojets  EMS 440 |7 07 m(r)=0 1908.08215
ee, upt >ljet EPS 140 |7 0.26 m(?)-m(¥})=10 GeV 1911.12606
HH, H—hG [ZG Oe.u >3b  EPS 140 | A& 0.94 BR(Y| — hG)=1 2401.14922
dep Ojets Ef™ 140 | A 0.55 BR(Y} — ZG)=1 2103.11684
Oe,u  >2large jets EZ' 140 )i i 0.45-0.93 BR(Y] — ZG)=1 2108.07586
2e,p >2jets  EP™ 140 | & 0.77 BR(Y) — ZG)=BR(¥] — h()=0.5 2204.13072
X1X7, long-lived X7 Disapp. trk ~ 1jet  EMS 137 i; 0.67 Pure Wino 2603.08315
5 ) /\.;l 0.225 Pure higgsino 2603.08315
£ o stable z R-hadron pixel dE/dx EMs 140 |z 22 2502.06694 1
?» g Metastable ¢ R-hadron pixel dE/dx E%‘ifs 140 2 [(® =10ns] 2.2 m(¥%)=100 GeV 2502.06694 F
5 g U, -G Displ. lep ES 140456 &t 0.8 7(?)=0.1ns 2410.16835
~ , 7 0.39 w(€)=0.1ns 2410.16835
pixel dE/dx  di-trk ET 140 |7 0.56 7(?)=10ns 2502.06694
XTI sze—eee 3e,u 140 Pure Wino 2011.10543
TEXT 109 — wwyzeetevy deu Ojets  EMS 140 m(¥%)=200 GeV 2103.11684
22, 2—qaX), X > qqq >8 jets 140 2.34 Large A7, 2401.16333
S i, i, X o tbs Multiple 36.1 m(%")=200 GeV, bino-ike | ATLAS-CONF-2018-003
& if, i—b¥1, X7 — bbs > 4b 140 Forbidden m(¥%)=500 GeV 2010.01015
hif, ij—bs 2jets+2b 36.7 0.61 1710.07171
ni, h—ql 2e,u 2b 140 0.4-1.85 BR(7, —be/bu)>20% 2406.18367
1u DV 136 1.6 BR(7 —qu)=100%, cos6,=1 2003.11956
X 0300, 30 ,—otbs, X —bbs 1-2eu 26 jets 140 | 0.2-0.32 Pure higgsino 2106.09609
*Only a selection of the available mass limits on new states or . + New results since
phenomena is shown. Many of the limits are based on ! ! ! ; E— ! ! ! July 2024
107! 1
Mass scale [TeV]

simplified models, c.f. refs. for the assumptions made.

- Model-independent 2 o SD excesses should be considered directly!

- Not all BSM models were tested at 3 o level, discovery at LHC is still viable!
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Am(fiLr, ¥5) [GeV]

ATLAS
Vs =13TeV, 140 fo!

All limits at 95% CL

8 TeV, 20.3 fo~! arXiv:1403.5294

Soft 2¢ arXiv:1911.12606

2¢ arXiv:1908.08215

20, Am ~ m(W) arXiv:2209.13935

LEP /i excluded

Expected BDT-based exclusion (+10,)

Observed BDT-based exclusion (+10neory)

PP — iif pfif ps fi = X3

0

)=(MG,) + M(,))/2

ATLAS

Vs=13 TeV, 139 fb™
All limits at 95% CL

- - Expected Limit (£ 1o,,,)
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CMS

m(x ) [GeV]

129-137 tb' (13 TeV)

PP — 77w A Mye=(Mye+my)/2 (Higgsino simplified)

x My < 0, NLO-NLL exclusion
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theor

95% CL upper limit on the cross section [pb]

~ CMS SUS-18-004

HMBS-2024-64, JHEP (2025)

ATLAS SUSY-2018-16, PRD (2020)
ATLAS SUSY-2019-09, EPJC (2021)



https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PAPERS/SUSY-2018-16/
https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PAPERS/SUSY-2019-09/
https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PAPERS/HMBS-2024-64/
https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PUBNOTES/ATL-PHYS-PUB-2026-003
https://cms-results.web.cern.ch/cms-results/public-results/publications/SUS-18-004/index.html
https://lhc-bsm-wg.docs.cern.ch/excesses/

SMALL EXCESSES

RNS NUHM2 mo=5TeV tan[3 15,A = 1 .6m,, mA 1TeVu>0

=500 e R VS R L L L LN RN N RN R B
% Z - 7 —e— Data
8 = s_8 TeV 20.3 fb . O L ATLAS Do
=, - ) B T N 44 Standard Model
450 - Combined 21, 31,41  — : 19 T
£ L esserrrrEEaa,, - oVl [ (s=8TeV,20.3fb" [ ] Flavour Symmetric
:‘:&: ,,,,,,,,,, . i - [ ] Other Backgrounds -
- | ) Iy = o o
4004 N £ 1oL m(g).14=(700,200)GeV_]
. N o I m(g).1=(900,600)GeV
350, ! LLI . i

e, N el NG
) ~

Expected limit (+1 O, )ry

- LEP2 ¥ x (103.5 GeV) e
‘. O Observed limit 21 arXiv:1403.5294 -
'-_ % Observed limit 3l arXiv:1402.7029 —
‘-_—-_— Observed limit 41 arXiv:1405.5086

. *  Alllimits at 95% CL

: Find a connection for :
: final states and models

arXiv:1503.03290

10.1103/PhysRevD.93.052002
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‘New type of study: Look into models that were expected to be excluded, but were not due to small excess (potential new physics).
.Small Excess analysis criteria: CL;XP < 0.05, CLng > (.05, (Z > 20 SD)

-Study properties of the models and final states used in the analyses that yield a small excess:
Collectively consider small excesses as hints of new physics
‘Exploit connections of small excesses in BSM searches (systematic study)

o0 o\ /
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http://inspirehep.net/record/1394670
http://inspirehep.net/record/1351762

LARGE-SCALE REINTERPRETATION

Simplified model PMSSM model PMSSM-19 scan s

Model sampling I

> Parameter min max Note .
% ~ Mass spectrum: SPheno
O
Z %) Mj (=Mj;,) 10TeV 10TeV Left-handed slepton (first two gens.) mass \
0 4800 - - M; (=M;,) 10TeV 10TeV Right-handed slepton (first two gens.) mass
< 8 M; 10TeV 10TeV Left-handed stau doublet mass [
= . 10TeV 10 TeV  Right-handed st 1 . 1
4000 |- M., &V 10TeV Righthanded stan mass Higgs mass: FeynHiggs
MQ~ . (=MQ~2) 10TeV 10TeV Left-handed squark (first two gens.) mass -
M;, (=Mz,) 10TeV 10TeV Right-handed up-type squark (first two gens.) mass .
3200 |- M; (=M;) 10TeV 10TeV Right-handed down-type squark (first two gens.) mass E 1 .
Mg, 2TeV  5TeV  Left-handed squark (third gen.) mass Xtema COIlStI'all’ltS
. M;, 2TeV 5TeV  Right-handed top squark mass K y
%’2 M; 2TeV  5TeV  Right-handed bottom squark mass
2400 i 3
-0 by M, -2TeV  2TeV  Bino mass parameter
)gé Xit M, -2TeV  2TeV  Wino mass parameter
A3 J7i -2TeV  2TeV  Bilinear Higgs mass parameter
1600 - M3 1TeV  5TeV  Gluino mass parameter
Ay -8TeV 8TeV  Trilinear top coupling
i Ap -2TeV 2TeV  Trilinear bottom coupling / . \
~0 / ~t 800 HO Ht A -2TeV 2TeV  Trilinear 7 lepton coupling Tl'uth Chaln
)( 2 )C 1 Al XO . My 0TeV S5TeV  Pseudoscalar Higgs boson mass r D
0 Y X tan 1 60 Ratio of the Higgs vacuum expectation values . =
ol b ! A g P Truth MC: MG + Pythia
~() \
X1
ATLAS pMSSM EWK, Yields: SimpleAnalysis

20k models § Stat.interpretation: pyhf

- Re-interpret SUSY analyses using full models. ras e EWKino scan N\ | )
» Use the Phenomenological Minimal SUSY (pMSSM) %7 g o d .

[1],[2] with 19 parameters at the high mass scale, '- 058 \ 4

imposing theoretical and experimental constraints to 84 g 50 ET A
reduce the number of parameters. E S |l CIEERE W aRlayiat) |
» Generate large number of models, explore high o.4jg 5 o RECAST
number of final states using existing analyses. 028 B

. . . Qe - i ion: full likelihood
» Points to uncovered regions to which no sensitivity ) . (Lt interpretation: T ethoo
250 500 750 1000 1250 1500 1750 2000 '

was obtained, design new round of searches m(i9) [GeV]
) ves ] ] ) i ) ) ) TLA os’ Jozef Stefan . N / SMASH 6
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https://iopscience.iop.org/article/10.1088/1126-6708/2009/02/023
https://www.sciencedirect.com/science/article/abs/pii/S001046550600419X?via=ihub
https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PAPERS/SUSY-2020-15/

ANALYTIC SCAN OF SE

EWK scans: SEM 100-200,

found twice ~10

* High mass parameters

O
A
A

/S« 13TeV, 129107, EWKIno Scan Al Analysis, EWK Prod

-

e
o .
o

* ATLAS EWK pMSSM study done in Nishant -

Gaurav master thesis. Sk 1P
- EWK pMSSM scan (public)
- Single out best motivated models for Run3 1600

searches. h

400
SE models before ATLAS Run-2 N
All Analyses, Bino-DM Scan, EWK Production

D D somufemmmimmre s sreee e m e e e e w ATLAS bternal
S E 1200 St excess modes
2 < o > |
= S, ;
9 ‘ @ 1000}

G i o e 2 ool

- - |

> ) : N "SEWm » = S T - e - s » - - - - 4 600

© | |

- Lk 568 GoEE 6 66 eeEe B e e : 400

cU .
(.E : 200

C g St e bttt kit |

= ke T b ahe e
- Model 1D
% * Models found once

* Models found twice
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Fraction of surviving SE models

O
(=

of SE models

* Focus on models found
by multiple analyses

» Single out interesting
models for the next
round of searches

- Explore correlations
among analyses

ATLAS Internal, Bino-DM Scan
Numbers along the diagonal show the percentage
of models excluded by each constraint

SE Models

ATLAS Run-2

DM

Flavour

EW

SE Models
DM
Flavour

ATLAS Run-2

ATLAS 03. Jozef Stefan .\ A

ExPERIMENT ®@® Institute

100
80
60

40

-20

EW
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PRESENT: MOTIVATION FOR SE WITH CLUSTERING

Parallel sets: SE clusters with constraint dimensions (red-green gradient)

-SUSY should not be considered a theory of everything. Doubt each
external constraint and ATLAS measurement.

‘Create categories for combinations of constraints and model parameter
space

- Aim to exploit correlations from different measurements and analyses.

onstraints__ DM Constraints__EW  Constraints__Flavour SurvATLAS cluster

EWK pMSSM scan

)
- Find th t interesti binati f t d traint ~ S
IN € most Interesting compinations Oof parameters ana constraints I: 3
- Each SE model is interesting, single them out for future study. | z
» Use clustering algorithms to create SE model categories according to a c"}J) = 1 1
selection of model parameters and constraints. — :
Bino-DM: co-ocurrence N(models) Bino-DM: intersection / union Lo Bino-DM: P(A=1 | B=1) Bino-DM: correlation L 00
200 : .
Constraints_ DM - 46 40 36 8 175 Constraints__ DM Constraints__ DM Constraints__ DM 0.75
U) Constraints_ EW - 40 58 125 Constraints_ EW - 06 Constraints__ EW Constraints_ EW 1 0.031 0.025 0.25
O 100 0.00
& Constraints__Flavour - 36 47 - 75 Constraints__Flavour - -0.4 Constraints__Flavour -0.4 Constraints__Flavour 0.0ﬂ 0.031 1 -0.019 - —0.25
- - 50 - —0.50
2 - 0.2 - 0.2
D SurvATLAS - 8 58 47 64 - 25 SurvATLAS - .08  0.28  0.25 SuryATLAS - 0.17 029  0.28 SurvATLAY 0.025 -0.019 1 - —0.75
[ | | gl | 1 -0 | gl 1 -0.0 1 ;I I -0.0 ; EW _f]f OOt
O 5 z 3 < o . z = 5 2 = = 5 2 =z 5 \QEWc affec
— i| ) S = 5-30% intersection i| ) S = / i| ) S g DM and i| ) S ,_d|fferent|y the
. — £ £ o > of models in each 2- £ £ o > Once applied £ £ o > SurvATLAS £ £ El >B|no DM and
m [ [ Y @ constrain category, o J “ @ other c., no large < [ [0 & complementar o J v ‘”EWKII‘]O
@ 2 £ except EW-Flav with ¢ c 5 effect when = c i P B S S models. Study
S S = ~70%  studv them S S = 2dded EW ¢ S S 5 motivates their S S = e
E o, STy 5 ' S separate studies. S EW constraints
O together. O O © for different
scans.
. v . : . . . . . o°® Jozef Stefan . N /
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ExtSE_Bino-DM_1 ExtSE_Bino-DM_3 ExtSE_Bino-DM_2 ExtSE_Bino-DM_4
DM Flav EW ATLAS SE — I rue
Io —
0

Y i 1 g0

DM is a strong

cut. Study Sc-lr-:)_r?gsclita
separately. '
P y Study
0: 180 1: 169 1: 202 Separately' 0: 162
1: 46 0: 57 0: 24 1: 64 .
Study all non-ATLAS constraints
ExtSE_Bino-DM_5 ExtSE_Bino-DM_6 ExtSE_Bino-DM_7 ExtSE_Bino-DM_11

DM ATLAS DM EW Flav

*SE models pass DM, EW and Flav constraints, but are killed by other
ATLAS analyses.
DM somewhat orthogonal to ATLAS

1
0: 218
1: 8

DM EW DM Flav
ﬁ : 0
ﬁ
A—— —
1 - 0: 186 ! -
1: 40
Study all non-DM constraints

ExtSE_Bino-DM_8 ExtSE_Bino-DM_9 ExtSE_Bino-DM_12 ExtSE_Bino-DM_13 ExtSE_Bino-DM_14
EW Flav ATLAS EW

0
1
1: 152
J v

EW and Flav not strong
ExtSE_Bino-DM_10 . .
Ams cuts, can study surviving

models together, separate
from ATLAS.
Study all constraints
» Use clustering to find categories of models using relevant input features
“ « Aim to find hints of new physics

0 |5 M/
Judita Mamuzic - Connection of small excesses in SUSY searches using machine learning - I1JS Strategic Meeting, Krvavec 2026 Ee‘l!nﬁé O f::ﬁ:u?;efa"* SMASH 9

0: 190
1: 36

.2 1 DM+EW+Flav

- I EW+Flav+ATLAS

0: 168
1:58




CLUSTERING STUDY WORKFLOW gz oo i

: : . - : t Andrej Filipcic (1JS), Brian Petersen
Optimal clustering algorithm chosen per input type! { (CERN), Jonas Wiirzinger (TUM), Lukas

INPUT FEATURES Examine the input features: ¥ Alexander Heinrich (TUM), Nishant Gaurav
Binary  Binary: external constraints and analyses surviving SE criteria  (Vanderbilt University), Roberto Ruiz De ]
Continuous : . ) e
Confinuous sparse » Continuous: mass, BF | | Austri Bazan (IFIC), Aurelio Juste (IFAE),
Mixed o antlnuqus sparse:.lnput pgrameters, cross-gectlons | | t Ciril Bohak (UL FRI)
¥ * Mixed: binary+contiuous, binary+sparse contiuous, contiuous+sparse Continuous, all  esmseamecamemetammmormuammermmarosmonsms
PREPROCESSING Determine if the input benefits from transformation before any clustering (for any clustering)
( )
DOMINANCE Determine if input feature requires a transformation to mitigate dominance (important for mixed input features, per clustering
algorithm)
\_ ¢ 4
4 )
(Sor:,(;sa‘l’,\éiﬁtims) Determine the number of clusters (per clustering algorithm, some algorithms have a built-in determination of number of clusters)
¢ Y
~
CLUSTERING
Performance evaluation Clustering, performance evaluation, benchmarking according to typical criteria (per input type and clustering algorithm)
Benchmarking
\ Y

L

PHYSICS ANALYSIS Physics analysis with the optimal clustering algrithm(s)

Judita Mamuzic - Connection of small excesses in SUSY searches using machine learning - IJS Strategic Meeting, Krvavec 2026 ﬁl.!:ﬁé Soe fﬁ:ﬁ:u?;efan ~ SMASH 10



PRESENT: CLUSTERING FOR SE

Preprocessing

Input

EW_DM E

ATLAS nternal

General scan (EW prod), v/s=13TeV, 140fb™"
Bins labelled with SE model count

— 700 1 -
> ] BE
O, 600 =
o -
= 500 —
= 3
400 i
300 —
200 Wb -—
100 8 -

) )

0 1000 2000 3000 4000 5000
m(%7) [GeV]

- Different clustering algorithms correspond to different inputs:

 Binary: analyses, external constraints
» Continuous: BF, mixing

- Continuous sparse: masses, input parameters, cross section
- Mixed: mixed binary continuous, mixed binary sparse, mixed sparse and continuous, mixed binary all

o o o =
~ (o)) oo o
Fraction of SE models (w.r.t. Exp-excl.)

O
)V

S
o

0:5

1: 52
2: 182
3: 420
4: 84

VAT-ordered model index

VAT-ordered model index

prepare_features

100
200
300

400 ¢

0 100 200 300 400

VAT-ordered model index

loglp block

100

200

300

400 -

0 100 200 300 400

VAT-ordered model index

» Using Log transformation
for input parameters

variance share (raw, unscaled)

variance share (raw, unscaled)

o
o
1

o
w

o
N

o
[

o
o
|

0.7 A

0.6 A

Domination diagnostic: per-feature variance share (raw) - 200 models

Domination

General EW pMSSM scan, SE = True

----- equal share = 1/12
-== offender threshold = 1.5/12
BN constr_cols

0 mass_cols

3 offending (2/12)

/
&

Per-feature variance share by mitigation strategy
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m none
BN pbglp_dominant
S power_transform

mmm quantile_transform  ms= block_balance

B standardize

7 7
N N
& &

BN pbust_scale
0 maxabs_scale
BN minmax_scale

» Using per block and per feature
within block normalisation
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PRESENT: CLUSTERING FOR SE

kK-Sweep / builtin

HDBSCAN (classical) - braycurtis

SpKMeans (classical) - euclidean

Clustering

bootstrap_ari 1

<, —

1.0 1 TR D o TR DRI SR YOO . L 6 I u LN B
. Algorithm stability
2 ] L g
3 0.8 - 08 0
Q
= T 061 L4 Silhouette 1
N 0.6 - 2 B o o o
© L © 2 o o a .
£ s E S, 1.00 S o < Wmm kMeans (classical)
5 25 04 3¢ . -
c ge | pm kMeans (approx) 1.0 4
s 041 o 3 wen kMedians (classical) :
€ S 02 L2 E 0.75 4 .
£ " : s kMedians (approx)
£
® 021 s 3 S s 3
5 0.0 ~ 1 0.50 1 2 o o « © c 0.8 -
a = o m
(=]
0.0 - -0.2 -0 o
2 3 4 5 6 7 8 9 10 10 20 30 40 50 0.6
k (number of clusters) min_cluster_size
T higher / | lower is better - * used for k-sweep dgcided '
- (sgm;:r;t;a* ! - boo.rstrap ARI® T - ::Ena-rr‘ndal:(c‘alcross seeds g;?e_‘ggzgird—sue=5’ _0 25 - 0.4 -
Calinski-Harabasz * gggdeiésﬁrh:utgte_ .. mean ari_stability -, run sellectted ize=5 '
T ) ——. davies bouldin, (gate) fnin_cluster_size=
~®— Davies-Bouldin * | calinski harabasz, ~— median n_clusters
bootstrap_ari —0_50 -
Parameter scan — min_cluster_size 0.2
1.0 1.0 1 8 —0.75 1
E 0.0
0.8 -1
S 0.8 / —1.00 - . . l :
e
[
o —_ -
8 0 ] onSU.-
% 0.6 7 © E g C
E s E 0.4 1 . S,
2 82 :
~ ]
% 0.4 1 o 02 o
€ S L4 E
[ =4
E 0.0 -
o 0.2 .
b -0.2 [ ]
- Algorithm ranking
2 3 4 5 6 7 8 9 10 10 20 30 40 50
k (number of clusters) min_cluster_size - .
| . Clustering quality heatmap
igher / | lower is better - * used for k-sweep * de_ade . _ 5
i * db i uster_size=5,
.- (Sll:picr#:rtyt)e ' - zt:c)it;::?(ffll‘or - :;a-rr‘naxc:cross seeds ?a?é%lascstei
Calinski-Harabasz * gt i bilit ——. funselected N AL - -
- - - . acglr:\gil SI'IIIahrc;T)Ztst:,’ .. ?g,g?:)an_sta ity m|n_Ac|uster_5|ze=5 kM ea ns (apprOX) U -1b U 7 7 1'_-)4 l l
—®— Davies-Bouldin * | bootstrap_ari — median n_clusters
Parameter scan — min_cluster size . -
- - - ;-
1o N S . W KkMeans (classical) 1 042 1.07 107.18
i n
' H5 : N AA 0 Q=
S 051 ; kMedians (approx) 0.46 0.77 193.11
g _ 0.6 :
el . - v
E 0.6 2 0.4 : g ’ §
N 06 - = 0. i @ 1 1
g o E E : kMedians (classical)
S £2 o2 E c
é 0.4 2 : :
£ 5 001 2 E 0\ o\ 4,\ N
E v
0211 ~02 : O O ’b" v?‘
e | ' & > RS
@ i —0.4 | Oo O 1 \\c\
0.0 i . o-"* 0 N 2 2 »
’ - : T T T T T T T T II T T T T %\ e 09 ¢ * %v
2 3 4 5 6 7 8 9 10 10 20 30 40 50 \‘\ 9‘-\ 6"

k (number of clusters) min_cluster_size

T higher / | lower is better - * used for k-sweep decided 0
o silhouette * 1 =& mean dbcv * min_cluster_size=10,
(primary) zaoﬁt?ifRI; ' min-max across seeds gate passed
Calinski-Harabasz * ecided k' = £ — : - __ . runselected
- 3 —=—- agrees: silhouette, .o ?;:?Q)an_stablllty min_cluster_size=10
bootstrap_ari

~®— Davies-Bouldin * | — median n_clusters
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kMedians (classical)
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seed ari 1
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Composite quality score
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PRESENT: GLUSTERING FOR SE MODELS

EW small excesses vs m()Zfl’) [GeV] - 743 models

Physics

Ewk1L2b (292) - - 50
- Start with a minimal example, then extend complexity. =z _ . I
- Carefully choose input blocks, extract physics meaning. £ _,_ ©g
- Interesting to see all SE models point to "100 GeV : EwkaLa) (43) - 0 8
neutralino § e o)
- With clustering dominant cluster has “100 GeV 8 curstonsn ao)- 03
neutralino-1,2 and chargino-1 ; — mg’
* More precise characterisation and considering a T o

higher number of dimensions T TR

m(x9) [GeV]

mass: kmeans classical - euclidean (blue) vs kmeans approx - swaptest (red), matched: one colour per rank — ARI 0.86, J 0.59, seed 0
parallel coordinates (7 continuous) - 200 models: a model in matched clusters is one line in its rank's colour, any other one line per algorithm; in the coordinates one purple line where A and B cluster it differently

m_chi_1p m_chi_10 m_chi_20 m_chi_30 m_chi_40 delta_m_chi_20_m_chi_10 delta_m_chi_1p_m_chi_10

1,568.4 486.42 3,602.8 4,921.9 4,948.7 3,267.3 1,426.3

kmeans classical - euclidean: not matched (cluster size) AN » 3500 14007

m kO: 5 (162) ‘

m k1: 0 (34)
k2: 4 (4)

1400

both: matched, AN B \
m kO: 157 1200
m kl: 34 NS

different clusters in A and B

m k0: 5 1000
k2: 4

parallel coordinates: its blue and red X

lines coincide, one line in A's shade 800 X

kmeans approx - swaptest: not matched (cluster size)
m kO0: 1 (158) -
m kl: 8 (42) 600 =

unclustered
= kmeans classical - euclidean: 0
= kmeans approx - swaptest: 0

200

80.1 0.7 83.1 148.9 343.9 2.4 0

2 SMASH 13

postdoctoral program
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CLUSTERING FOR SE MODELS

mass: kmeans classical - euclidean (blue, above) vs kmeans approx - swaptest (red, below) — ARI 0.86,] 0.59, seed 0

EwkCompressed2018 ® °e ®
®© © 0 @ G ® o o ©
EwkOnelLeptonTwoBjets2018 -
@ ® o Q@ o ® o o o
) : :
mass: kmeans classical - euclidean (x, blue) vs kmeans approx - swaptest (y, red) — ARI1 0.86,]J0.59 [
= 1.0 &
9 @
©
?, g EwkThreelLeptonOffshell2018 - ® 0 @
(©
c L
© kO - 158 1 <
(0] o 2
£ g o 0 0 () ® 6 O o o ©
o 06 g EwkThreeLeptonOnshell2018
o T E ® o ® o ® ° o © °
D e ’
< e
(@] -
-+J o
<
g - 0.4 = o (O O o
= Q EwkTwoLeptonTwo)et2018 4 o
Q (e
4 - 1
QK142 A 3 =
S L0z @
o Tz
0 = ® e ®
2 I 1
% § EwkTwoLeptonZero)et2018 - °
= . , 0.0 S, . .
v kO k1 k2
v 162 34 e
g kmeans classical - euclidean cluster (ranked by mean m(x9) [GeV]) - size © o
h_inv -
(€}

o

1 models

O 13 models
Q 26 models

‘ only kmeans classical - euclidean (number above)
@) both: matched cluster (number inside)

@ only kmeans approx - swaptest (number below)

» Look for better agreement of algorithms in the future :

m(x3) [GeV]

« SE clusters around 100 GeV neutralino —_—

kmeans classical - euclidean — cluster rank (upper circle; darkest = lowest mean m(¥?) [GeV])

0 1

kmeans approx - swaptest — cluster rank (lower circle; shade of the blue cluster it overlaps most, unmatched clusters lightest)
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PRESENT: REINFORMCGEMENT LEARNING FOR SE MODELS

Model oversampling Search for SE models _B_etFer/f_aster
Four-dimensional Rosenbrock function minimization than
humans

Points found inside the 95% confidence region
- 95% confidence level contour

1.50 -

< —
= o Differential evolution: 11,591 out of 200,000 points
g 1.251 o Random scan: 7 out of 10,000,000 points
- © Grid scan: 10 out of 10,000,000 points
N
| x 1.00 -
NI &
—|®
o|E 075 STATE
N| &
o o o_ .
> 0.50 - 3 ponis
N overlai
o
| 0.25-
0.00 -

0.0 0.2 0.4 0.6 0.8 1.0 1.2
Parameter x;

ENVIRONMENT

» Oversampling in the interesting region using Small Excesses criteria to scan better the pMSSM parameter space

* Reinforcement Learning (RL) to search through parameter space: Performs minimization, very good at finding a
global minimum for high dimensional parameter space (state-of-the-art algorithm): STATE, REWARD, ACTION

» Agent discovers by trial and error what actions lead to good outcomes.

* Reinforcement learning algorithm choices strongly affect decisions, make more robust
» Explore interesting high-dimensional parameter space, find better motivated regions.
» Single out models and kinematic parameter space for Run3 searches

@ 0 |3 A
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https://arxiv.org/abs/2012.09874

NEXT STEPS

- Clustering for SE, classical:

» Go through each block of input and mixed, provide a description of SE models in relation to SUSY parameters
and external constraints, provide proto-models for Run3 studies

» Publish a proof-of-concept study using public EWK pMSSM models (REI WS, November 2026)
 Implement ATLAS study for the General and 3G scans in ongoing pMSSM scans (Spring conferences 2027)
* Clustering for SE, quantum:

- Quantum approximation algorithms rank high for many input blocks, summarise findings and estimate
guantum computation requirements

* Publish proof-of-concept study using public EWK pMSSM models (QT/ conference, November 2026)
- Reinforcement learning for SE, classical:

» Search for SE models and uncovered parameter space motivated by SE

» Proof-of-concept study (End-of-year 2026 time scale)
- Clustering for SE in Data, classical/approx:

» Extend clustering study on input features using kinematic distributions (or mean/median) on data events of SR
with an excess

* Proof-of-concept study (March 2026 time scale)

0 |3 M/
Judita Mamuzic - Connection of small excesses in SUSY searches using machine learning - IJS Strategic Meeting, Krvavec 2026 ée‘:[.!nﬁNsT O ]'::ﬁ:u?;efan" AR SMASH 16

oooooooooooooooooo



RESEARCH PROPOSAL (IN PREPARATION)

- Strategic BSM searches to enhance discovery potential at
the LHC

» Current paradigm: model is either found or excluded, use
physics motivation for where to look next (linear)

» Change of paradigm: anomalies are hints of new physics,
strategic iterative decision for the next block of searches \ ,
(minimisation problem) e e

* Instead of the next single optimal search, perform
strategic iterative searches (consider search as a

Model-
dependent

. . . Model-
decision-making problem, a game) agnostic
- Exploit correlations of small excesses (systematic
approach)
- Exploit the tested parameter space for the next round of
searches (consider anomalies and history of searches) Interpretation Pursuit

* Previous activity:

* Physics: BSM searches, large-scale reinterpretation, automated cut-flow analysis optlmlsatlon SE, global p-val
calculation (EB, analysis contact, MC contact, LHC SUSY XSEC WG contact, currently statistics HMBS liaison,
anomaly detection benchmarking, high-dimensional sampling benchmarking)
* Operations: Trigger (TRP first main developer, trigger expert), DAQ, Tile calorimeter (RC)
* Interests:

* Developing techniques for BSM discovery in physics and detector/trigger 0 | osos storan /
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QCLUST CODE

CONFIG

library
clustering
benchmarking
datasets
backends

v

INPUT

datasets
features

v

ANALYSIS WORKFLOW

preprocessing
distance

clustering algorithms:
13 algorithms

4 variants: classical,
approx, sim, quantum

v

DIAGNOSTICS

feature domination
seed stability

CORE
runner
worker
ledger
RESULTS
plots
html
latex
(oYY,
json

Binary

Mixed

ssssssssssssssss

CCCCCCCCCC

aaaaaaaaaaaa

src/core/

src/datasets/
src/features/

src/preprocessing.py-

distances.py.
domination.py

src/diagnostics/
src/output/

EContains automation and support scripts for notebook
gsynchronization, Cl, flowcharts, shell utilities, batch execution, and
‘benchmark templates.

scripts/
scripts/templates/

Judita Mamuzic - Connection of small excesses in SUSY searches using machine learning -

QClust code structure

éHandIes the core orchestration of the system, including registration,
plugins, execution, workers, logging, batching, shared helpers, and
the CLI.

EContains the common algorithm interface plus family-specific
-adapters and implementation variants across 13 algorithm families.

EProvides dataset-loading utilities and builds the feature groups used
by the algorithms.

EImpIements the main dataframe-level preprocessing stages,
including distance calculations and domination analysis.

éComputeS diagnostic quality and stability metrics, then stores
results and generates reports.

éStores configuration for datasets, execution backends, clustering,
-and benchmarking.

EKeeps Jupyter notebooks paired one-to-one with executable run
scripts, with Cl ensuring both versions stay synchronized.

EContains the unit test suite that is run by Cl on every push.

IJS Strategic Meeting, Krvavec 2026
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INPUT

CONSTR_COLS: INPUT_PARAM_COLS:
- EWSummary_ObsCLs_DM_constraints - M_1
- EWSummary_ObsCLs_EW_precision_constraints - M_2
- EWSummary_ObsCLs_Flavour_constraints - mu
- EWSummary_ObsCLs_ATLAS_Higgs_constraints - tanb
_ - EW_SurvATLAS - mA
Using General pMSSM scan from PRODANA_COLS: - meL
Hammad - before last round of fixes - Ewk1L2b - meR
- Ewk3LOnsh - mmuL
- EwkComp - mmuR
- Ewk2L2J - mtaulL
- Ewk2L0J - mtauR
- Ewk3LOffsh MASS_COLS:
- hinv -m_chi_1p
S\ - EWK4L -m_chi_10
V’z XSEC_COLS: ) m—CET—gg
\e - xsec_20_1p - mehl
- m_chi_40
@ - xsec_20_1m | |
\ - delta_m_chi_20_m_chi_10
V - xsec_1p_1m _ _
@ - delta_m_chi_1p_m_chi_10
Q. - xsec_10_1p
Q BF_COLS:
- xsec_10_1m SF chi 1 i 10
MIX_COLS: - BF_chi_1p_to_chi_

- BF_chi_1p_to_chi_20

- BF_chi_20_to_chi_10_ele_ele
- BF_chi_20 _to_chi_10_mu_mu
- BF_chi_20 _to_chi_10_Z

- BF_chi_20_to_chi_10_h

- LSP_Bino_frac

- LSP_Wino_frac

- LSP_Higgsino_frac

- chi_20_Bino_frac

- chi_20_Wino_frac

- chi_20_Higgsino_frac

0 |5 M/
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A BN .
INPUT FEATURES

General EWK pMSSM scan Wl W

Continuous sparse

INPUT FEATURES

* Input: SE criteria survival by at least one ATLAS SUSY+ analysis (Sparse) continuous Mixed
: m_chi_1p continuous kept (range [80.1, 4.38e+03])
| : - ‘ ’
* ° NO mOdeIS Su rVIVe aII AT LAS analyses m_ch|_10 continuous kept (ran_qe [0698, 677")
] . ] m_chi_20 continuous kept (range [82, 4.38e+03])
- External constraints survival, ATLAS SUSY analyses survival, ATLAS m_ohi_30 continuous @ kept  (range 1103, 4.95+03)
. . m_chi_40 continuous kept (range [217, 5.02e+03])
H Iggs an alySeS Su rVIVaI deIta_m_chi_ZO_m_chi_10 continuous kept (range [0.264, 4.17e+03])
. . . . delta_m_chi_1 p_m_chi_10 continuous kept (range [0.0135, 4.17e+03])
- PMSSM models: Input paramters, masses, BF, mixing, cross-section M_1 continuous [ kept  (range [4.97e+03,
M_2 continuous kept (range [-4.95e+03,
- Different clustering algorithms ™ continuous - [ kept  (range [-4.94¢+03.
_ ! _ tanb continuous kept (range [2.62, 60.8])
COrreSpOnd to different in pUtS : Bi nary mA continuous kept  (range [148, 4.99¢+03])
- - - mel continuous [ kept (range [66.5, 56+031)
m . EWSummary_ObsCLs_DM_constraints binary kept (117/743 = 1) . P 9 '
o
B I nary . an alyses’ eXte rnal EWSummary_ObsCLs_EW_precision_constraints binary kept (692/743 = 1) meR cont!nuous kept (range [15.3, 5e+03])
. . . mmulL continuous kept (range [66.5, 5e+03])
CO nstral ntS EWSummary_ObsCLs_Flavour_constraints binary kept (587/743 = 1) ,
. . . mmuR continuous kept (range [15.3, 5e+031)
) o EWSummary_ObsCLs_ATLAS_Higgs_constraints binary kept (616/743 = 1) mtaul continuous . 68.2. 59+03]
. . ept (range [68.2, 5e+
- Continuous: BF, MIXINg Ea‘?wgfi — zfnary gDROPPED (all 743 mtauR continuous @2 kept  (range 1109, 5e+031)
- " DirectStauRun s _se Inary DROPPED (all 743 BF chi_1p to _chi_10 continuous K
° - . . , — =TT ept (range [0, 11)
CO ntl n UOUS Spa rse . maSSGS, EW_DisappearingTrack_se binary © DROPPED (all 743 BF chi_1p_to_chi_20 continuous kept  (range [0, 0.3571)
|n put paramete I’S, Cross EW_DitauMET_0S2020_se bfnaw & DROPPED (all 743 BF_ch?_ZO_to_ch?_10_ele_ele cont?nuous kept (range [0, 0.232])
] EW_EwkCompressed2018_se binary kept (170/743 = 1) BF_chi_20_to_chi_10_mu_mu continuous kept (range [0, 0.232])
SeCtlon EW_EwkFullHad2018 _se binary  © DROPPED (all 743 BF_chi_20 to chi_10 Z continuous kept  (range [0, 11)
. . . EW_EwkOnelLeptonTwoBjets2018_se binary kept (292/743 = 1) BF_chi_20_to_chi_10_h continuous kept (range [0, 0.996])
 Mixed: mixed bi nary EW_EwkThreeLeptonOffshell2018_se binary kept  (29/743 = 1) xsec_20_1p continuous kept  (range [2.3e-14, 13.5])
: : : EW_EwkThreeLeptonOnshell2018_se binary kept (1731743 = 1) xsec_20_1m continuous kept  (range [3.57e-15, 8.42])
CO ntl n UOUS, m IXed bl n ary EW_EwkTwolLeptonTwoJet2018_se binary kept  (43/743 = 1) xsec_Tp_1m continuous kept (range [1.6e-13, 24.11)
sparse, mixed sparse and EW_EwkTwoleptonZeroJet2018_se binary kept (401743 = 1) xsec_10_1p continuous kept (range [9.42e-10, 28.7])
: : : EW_FourLepton2018_se binary kept (2743 =1) xsec_10_1m continuous kept  (range [2.34e-10, 18.51)
COﬂ’[IﬂUOUS, m|Xed b|nary a.” EW h inv se binary B kept (221743 = 1 LSP_Bino_frac continuous 4 kept  (range [5e-13, 11)
EW_ _A - N ept =1) LSP_Wino_frac continuous kept (range [4.86e-12, 11)
" " - _Mm_A_se Inary o , ; ' ’
* From the range of distri bUt|OnS, | © DROPPED (all 743 LSP_Higgsino_frac continuous kept (range [7.55e-05, 11)
. ] EW_StrongTwolLeptonTwoJet2018_se binary © DROPPED (all 743 chi 20 Bino frac continUOUS cept  (range [2.46e-11. 11
aSSIQ N S,Uarse COntanOUS tO SOIME EW_Onelepton2018_se binary @ DROPPED (all 743 chi_20_Wino_frac continuous kept (ran:qe [7.e-08, 1]’)
EW_StopTwolepton2018_se binary @ DROPPED (all 743 chi_20 Higgsino_frac continuous kept  (range [9.78e-05. 11)

features (human)
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INPUT FEATURES: BINARY

Number of surviving SE models

gen_ew_const gen_ew_prodana
EW_DM EW_EW EW_Flav EW_H EwkComp Ewk1L2b Ewk3LOffsh Ewk3LOnsh Ewk2L2] Ewk2L0] Ewk4L hinv
I ° I\ /l N Pass N Pass
e o . |
4 4
—
0
|
3 \ 3
0 0
0
0 0 0
2 | 2
L
.
| /
?E gz 0 1 ! ‘ i 0
z 182 ] L | ; Zés
431; gio 1] ] ! ! ! ! 3:1
External constraints Production x analyses
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INPUT FEATURES: SPARSE CONTINUOUS

1.1 Masses — m(X7) vs m(X3) and m(X5) vs Am

~N —

ATLAS internal

General scan (EW prod), /s =13TeV, 140fo~"
Bins labelled with SE model count

— 700 .
M — s oo ] [
S, 600 3 =
S - =
= 500 —
& n -
400 —
300 &= =
200 HNEEE =
L, . .4 .
100 [N -
0 5. o KPR |
0 1000 2000 3000 4000 5000
m(x}) [GeV]
ATLAS internal
General scan (EW prod), v/s=13TeV, 140fb™"
_. 5000 S
% B === ATLAS simpl. wino/bino excl. (m(C1)=m(N2))
Q)
— 4000
e
1
ol
=3 3000
&
<
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2000 3000 4000 5000
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Fraction of SE models (w.r.t. all

0.0

o O o —
IN o o o

Fraction of SE models (w.r.t. all)

O
)V

0.0

ATLAS internal

General scan (EW prod), /s =13TeV, 140fo~"
Bins labelled with SE model count

BEEEE |  Eaaas DA 2020 BEREEay W
W == ATLAS simpl. wino/bino model excl. | | l

500 -
400 i_
300 =
B
200 =
H -
100 E -y m
O e Gk :
0 1000 2000 3000 4000 5000
m(x7) [GeV]
ATLAS internal
General scan (EW prod), v/s=13TeV, 140fb™"
O e —
B === ATLAS simpl. wino/bino excl. (m(C1)=m(N2))
4000

0 1000

2000 3000 4000 5000

m(z9) [GeV]

o
o

O
(o)

o o
V) I
Fraction of SE models (w.r.t. Exp-excl.

0.0

—
o

o
o

o
(o)

o
~

o
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INPUT FEATURES: SPARSE CONTINUOUS

1.2 Input params — gaugino mass parameters
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INPUT FEATURES: SPARSE CONTINUOUS

1.2 Input params — slepton vs higgsino mass

SPARSE

ATLAS internal
General scan (EW prod), \/s=13TeV, 140fb~"
SE count
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—4000
0 1000 2000 3000 4000 5000 90
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INPUT FEATURES: CONTINUOUS

1.3 Branching fractions
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INPUT FEATURES: SPARSE CONTINUOUS

1.4 Cross-sections
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INPUT FEATURES: CONTINUOUS
1.5 LSP and NLSP mixing
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PREPROCESSING

- Some input features can benefit from preprocessing. Some clustering algorithms handle, e.g. sparse |
distributions better than others, but proper preprocessing should improve the clustering algorithm’s performance.

* Investigating different types of preprocessing for different types of input, and evaluating whether there is
improvement.

PREPROCESSING

Input type Test Comment

.................................................................................................................................................................................................................................................................................................................................................................................................................................................................................

‘N models per distinct flag pattern — discrete structure a binary clusterer can
. . .- -actually find:
Bmary Number of distinct patterns few heavy patterns = natural candidate clusters

‘many near-singleton patterns = little to cluster

.................................................................................................................................................................................................................................................................................................................................................................................................................................................................................

- - g z 0.5 no structure, - 1clusterable, - O regular grid (Hopkins & Skellam
Hopkins statistics 1954, 18:213; Banerjee & Davé 2004, FUZZ-IEEE)

.................................................................................................................................................................................................................................................................................................................................................................

Pairwise distance and cofficient of éMeasures how useful pairwise distances are for clustering using relative
.contrast and coeffiecient of variation, very large values indicate likely near-

(Sparse) Continuous variation duplicate rows.

.................................................................................................................................................................................................................................................................................................................................................................

'Reorders the dissimilarity matrix so similar observations appear next to each
Eother, making cluster structure visible. Clear dark diagonal blocks suggest
distinct clusters; sharper blocks after preprocessing indicate improved
.separation, while diffuse patterns suggest weak structure.

VAT ordered disssimilarity

Transformations:

* Log — compresses large values and reduces skew.

* PCA — projects data onto directions of maximum variance.

- UMAP — creates a low-dimensional embedding that preserves local structure.

- t-SNE — creates a low-dimensional embedding emphasizing local neighborhood separation.
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PREPROCESSING: BINARY - NO PREPROCESSING | nccenc

Should be more high patterns, then clusterable

Preprocessing usefulness - constr _cols - 743 models

Row-pattern multiplicity (raw)
— replaces Hopkins, which saturates on binary blocks

400 ~

W
o
o

External constraints have good information, but some patterns are indistinguishable.
15 cathegories

models per pattern
N
o
o

100 ~

39

23
0 = 10 5 4 4 4 3 3 3
distinct flag patterns: 15 of = 275
Preprocessing usefulness - prodana_cols - 743 models
Row-pattern multiplicity (raw)
— replaces Hopkins, which saturates on binary blocks
278
250 A
200 A

160 159 Analyses have good information, but some patterns are indistinguishable.
19 cathegories

models per pattern

3 2 2 2 1 1 1 1 1 1
distinct flag patterns: 19 of = 2716

o0 o\ /
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PREPROCESSING: CONTINUOUS

Preprocessing usefulness - bf cols - 743 models
Clusterable for any transformation PCA more informative

Should be close to 1

Distance informativeness per metric

(&

PREPROCESSING

J

Should be high

]
=
I
- Clustering tendency £ (set-based metrics blank when a chain leaves {0,1})
e o 0.1
| maa e e e
5 1.0 - 0.98 0.99 0.98 0.95 0.99 no structure (0.5) ,5
JJ..J [ o 0.8 .
S g
Y 0.8
Il Il 0.6 -
- - .
1T 0.6 A ~
e N B OB B OB OB B g ol
.% . g
% o i
w 0.2 - ° 0.2
£ 0
ot
& 0.0- § 0.0 -
T a
" o 9o < «&° o« b
KC \Q/ o
>
O

Should be shapr and“"H/agonal

VAT ordered dissimilarity - bf cols (euclidean) — dark diagonal blocks = clusters - 743 models

mm euclidean

prepare_features loglp_block umap tsne
0 0 0 0
e} o o =) =)
= = = = =
% 200 3 200 - 200 200 3
€ € € 3 €
el el o e el
b @ @ b1} @
v 300 v 300 - v 300 v 300 - T
2 2 2 e 2
Q Q Q Q Q
[ b b b [
< < S < <
=~ 400 = 400 - = 400 = 400 - >
0 100 200 300 400 0 100 200 300 400 0 100 200 300 400 0 100 200 300 400 0 100 200 300 400
VAT-ordered model index VAT-ordered model index VAT-ordered model index VAT-ordered model index VAT-ordered model index

No large difference

==> BF: Use no transformation.
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PREPROCESSING: CONTINUOU

Preprocessing usefulness - mix_cols - 743 models

PREPROCESSING

Clusterable for any transformation No gain by transforming

Distance informativeness per metric

]
2
. 0
- Clustering tendency £ (set-based metrics blank when a chain leaves {0,1})
8 2 U5 055 :
o 0.99 0.99 0.99 0.97 098 v no structure (0.5) | € mm euclidean
g 107 o 0.6 -
v v .
) o
:_;' 0.8 A 'lf-T o0
e -
0.6 1 E 0.4
e o
@ 0.4 =
o £ 0.2 -
Y 0.2 - b
£ 0
a c
2 0.0- = 0.0 -
T @ o o o® o ™ . " o o o o «®
e? AQ - o e? AQ -
‘eva‘e - o L>) _ &Qa(z - \02
VAT ordered dissimilarity - mix_cols (euclidean) — dark diagonal blocks = clusters - 743 models
prepare_features loglp block pca umap tsne
0 0 0 0 0
x 100 - x 100 A x 100 A x 100 x 100
= L= = o =
= L= = = =
[ [ [ ] [
g 200 1 g 200 7 g 200 7 g 200 7 200 h
£ £ £ £ £ =
= © © o =
o z o o o
v 300 - v 300 - v 300 - v 300 v 300
e e e e e
Q Q Q Q Q
P b P P i
< < < < <
= 400 - = 400 - = 400 - = 400 = 400
T T T I T - “:l
0 100 200 300 400 0 100 200 300 400 0 100 200 300 400 0 100 200 300 400 0 100 200 300 400
VAT-ordered model index VAT-ordered model index VAT-ordered model index VAT-ordered model index VAT-ordered model index

No large gain by transforming

==> Mixing: Use no transformation.
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PREPROCESSING: CONTINUOUS SPARSE R

Preprocessing usefulness - mass_cols - 743 models

- 4
Clusterable for any transformation 2 No gain with transformation |
' = Distance informativeness per metric

T Clustering tendency £ (set-based metrics blank when a chain leaves {0,1})
= O 057 :
g 1.0 - 0.95 0.94 - 0.95 096 O STructure 105 £ 0.6 = euclidean
v - o . -

> 0.83 o
T 0.8 - e 051

[ [

-

1 0.6 - = 047
S | - S - [ [N AR - A 3
B 0.4 5

© w 0.2 A

n 0.2 ;

S 0.0- £ 0.0 -

T 3 o - 2 Q e Q 3 © - 2 Q e

@ ‘&3& 0(3 i P\OC Q(' 0«\0 6(\ “5 @ ‘\63‘ \)(8 \‘Q P\OC Q(' \)6\0 60
Qa(e - \og L>J Qa(e - \og
Q(e Q(C
VAT ordered dissimilarity - mass_cols (euclidean) — dark diagonal blocks = clusters - 743 models
prepare_features loglp_block umap tsne
0 0 0 0

x 100 x 100 x 100 x 100 x

o o L= o o

L= = £ £ L=

2 200 % 200 % 200 2 200 g

(S = (= (S (S

o = o o o

v v v v v

o 300 g 300 z 300 o 300 - ©

B = B B B

Q Q 9 9 Q

P P ke b P

< < < < <

= 400 = 400 1 = 400 = 400 - =

= 7 i ! j |
0 100 200 300 400 0 100 200 300 400 0 100 200 300 400 0 100 200 300 400 0 100 200 300 400
VAT-ordered model index VAT-ordered model index VAT-ordered model index VAT-ordered model index VAT-ordered model index

Diagonal distinguishable, no gain with transformation

==> Mass: Use no transformation.
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PREPROCESSING: CONTINUOUS SPARSE R

Preprocessing usefulness - input_param_cols - 743 models - 4

Clusterable for any transformation, improvement for log Improvement for log (and umap and t-sne)

Distance informativeness per metric

(set-based metrics blank when a chain leaves {0,1})
U7

Clustering tendency

----- no structure (0.5) W euclidean

-
o
1

]
2
@
@ E
Q ]
g £
- £
7 0.88 g 0.4 -
T 0.8 - £
] Il
- « 0.3
1+ 0.6 1 -
Y o il
2 0.4 £ 0.2
Ic &
n 0.2 © 0.1-
£ 0
5 c
2 0.0 - £ 0.0 -
T W o - 2 Q 3 a
@ ‘e‘a\- 0(3 i P\o(, QC \)((\‘b 6(\ “6
3(6/ \OQ >
Q(CQ @)
VAT ordered dissimilarity - input_param_cols (euclidean) — dark diagonal blocks = clusters - 743 models
prepare_features loglp block pca umap
0 P 0 0 Pt
« 100 « 100 « 100 x x
= = = = =
£ = = £ £
3 200 3 200 3 200 8 E
€ £ £ £ €
o = = o o
u Ll Ll L] v
z 300 g 300 o 300 T o
B B B B B
Q . Q Q ~ Q Q
[ * b b 3 b [
< < < < <
= 400 - = 400 = 400 - = =
0 100 200 300 400 0 100 200 300 400 0 100 200 300 400 0 100 200 300 400 0 100 200 300 400
VAT-ordered model index VAT-ordered model index VAT-ordered model index VAT-ordered model index VAT-ordered model index
Good clustering pattern in the diagonal Good clustering pattern in the diagonal, higher number of clusters

==> |[nput parameters: Use Log transformation.
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PREPROCESSING: CONTINUOUS SPARSE R

Preprocessing usefulness - xsec _cols - 743 models \_ Y,

No gain with transformation

Clusterable for any transformation

Distance informativeness per metric

Clustering tendency (set-based metrics blank when a chain leaves {0,1})

]
2
o
@ 2
'g ...... N mm euclidean
§ 1.0 - 0.98 0.99 no structure (0.5) 0.99 0.96 _5 -
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= o
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Il Il
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b
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VAT ordered dissimilarity - xsec_cols (euclidean) — dark diagonal blocks = clusters - 743 models
prepare_features loglp_block umap
0 = : 0
5 100 = = 100 x x
e e o =) e
= = = = =
2 200 g £ 200 g §
£ £ £ £ £
e el el e e
Ly v v v Ly
v 300 ] o 300 ] T
2 2 2 2 2
Q Q Q Q Q
P P b= P P
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= 400 > = 400 > s
0 100 200 300 400 0 100 200 300 400 0 100 200 300 400 0 100 200 300 400 0 100 200 300 400
VAT-ordered model index VAT-ordered model index VAT-ordered model index VAT-ordered model index VAT-ordered model index

No gain with transformation

==> Xsec: Use no transformation.
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DOMINANCE R

- 4
* Need for domination mitigation, e.g. no contribution from additional information if one block of input dominant (mass).
* Apply input feature normalisation.
* Diagnosis:
- Per-feature: Each feature’s fractional contribution to total variance and classifies features as dominant when their
variance share exceeds factor/n_features, threshold factor = 1.5
- Block-level: Variance by feature block factor x n_block / n_features (per-feature applied after block mitigation)

Domination diagnostic: per-feature variance share (raw) - 200 models

----- equal share = 1/12
- == offender threshold = 1.5/12
BN constr_cols

W mass_cols
[ offending (2/12)

variance share (raw, unscaled)
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[
D 0 M I NAN C E Domination mitigation on offending block(s) only - 200 models
DOMINANCE

Top-feature share after mitigation Per-feature variance share by mitigation strategy \ 4
: ~== baseline (none) = 0.48 i B none WIS robust_scale
loglp_dominant o BN loglp_dominant B maxabs_scale
WS power_transform BN minmax_scale
none 0.6 - = guantile_transform  msm block balance
: B standardize
robust_scale : E
: S 0.5 -
block_balance | g
maxabs_scale E 5 0.4 -
_ | 5 0.3
pca_whiten E ]
quantile_transform E '% 0.2
[ >
standardize :
! 0.1 -
power_transform E
0.4 : 0.6 0.8 1.0 0.0~
- - - - $ 2 & 2 S $
top-feature variance share (! = less domination) $°, g:‘f &“? :5:“ $§? é'\\'q &7
« - & &7 & &
Mitigation Comment
o bog . .Compresses large values with log transformation..
__________________________________________ Robustscale =~ Rescales using the median and interquartilerange.
vt Blockbalance ~~ Rescales each dominant feature block to unit total variance while preserving relative variance within the block.
_________________________________ Max-absolute scale  Normalizes each feature by its maximum absolute value.
________________________________________ Min-maxscale ~  Mapseachfeatureto afixed boundedrange.
___________________________________________ PCA Whiten ~ Logarithmically compresses only the most dominant feature(s).
oo Quantile transform ' Maps features to a common target distribution.
___________________________________________ Standardize ~~ iRescales features to zero mean and unit variance.
Power transform . Gaussianizes feature distributions and stabilizes variance.

=> Mass dominance mitigation is overcome with Max-abs or Min-max scale mitigation.

==> The transformation is applied for any input block, Max-abs is a good choice. 0 | osos storan ,
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K-SWEEP

Judita Mamuzié

k-sweep diagnostics — combined

kMeans (classical)
| 1

mass
score (normalised)

T higher/ | lower is better - * used for k-sweep
=@= silhouette * 1 (primary)
0.2 1 —e~ calinski-Harabasz * 1
—®— Davies-Bouldin * |
=@ bootstrap ARI * 1
0.0 4 ——- decided k* = 6 — agrees: silhouette, calinski_harabasz

2 3456 7 8 9101112131415
k (number of clusters)

1.0

0.8

)

1 higher / | lower is better - * used for k-sweep
silhouette * T (primary)

Calinski-Harabasz *

Davies-Bouldin * {

bootstrap ARI * T

- decided k* = 15 — agrees: silhouette, davies_bouldin

7]

2 4 5 6 7 8 9101112131415
k (number of clusters)

tite

constr
score (normalised

T 1
T higher/ ! lower is better - * used for k-sweep

K-sweep diagnostics — algorithm/variant x input - 743 models
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=@= silhouette * T (primary)

—@— Calinski-Harabasz * 1
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N CLUSTERS

Clusters found per input - 743 models

24
kMeans (classical) - euclidean 23
W kMeans (approx) - swap_test signblind
2] - kMedians (classical) - euclidean 21

B kMedians (approx) - swap_test signblind
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§ 18 4 mmm Spectral (classical) - braycurtis
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- . .

[ 5 1S . SpKMeans (classical) - euclidean
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= VQC (approx) - rbf kernel

; 12 1 B qCLUE (approx) - braycurtis

g 14111010 qLUE (approx) - braycurtis 100
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n B QUBO-SA (approx) - braycurtis -

b
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T 6-
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CLUSTERING ALGORITHM PERFORMANCGE R

(some algorithms)

\ 4
» Check on clustering algorithm in given setup stability for seed and distance.
Silhouette T bootstrap ari 1 seed arl 1
A %3 kMeans (classical) - euclidean @ S ™ 42 a a © @ @ 9
1.00 - S  mm kMeans (approx) - swap test signblind . m : i 3 3 g 3 ; - M 2 ﬁ c"o! $$ ﬁ
g ™ Mt | oHEPe 104 °° o S &= B 1.0 - s AT
0.75 - o LIl $ edians (classical) - euclidean . pt 53 | ; p ~ . gs
’ 3% ;: BN kMedians (approx) - swap_test_signblind . g & ooqg; pe : g q
' : mam HDBSCAN (classical) - braycurtis il o - T ;*.n ¢ :g L ' \
0.50 - m‘m mmm Spectral (classical) - braycurtis 0.8 - ’q 1 | '"“F | d”"'”'?;" TN 0.8 - =TmE " -
s Leiden (classical) - braycurtis i 3 ] i 4
0.25 191 - e - mmm SpKMeans (classical) - euclidean g § i @
w s HQKMeans (approx) - swap_test_signblind 0.6 - f % a ® 0.6 -
§ 0.00 - I W QClusformer (approx) - euclidean 4, ] : P
VQC (approx) - rbf_kernel a ! : & ':5;
—0.25 - s qCLUE (approx) - braycurtis 0.4 - F 0.4 - [
' qLUE (approx) - braycurtis E P
mm VQASC (approx) - braycurtis F:
—0.50 B QUBO-SA (approx) - braycurtis 0.2 - T 0.2 - E
i | | | i | |T
—1.00 L | 1 | | 1 1 | 0.0 1 | 1 l. 1 1 | o-o 1 1 | 1 1 | |
Co‘-\st\‘ prodana mass 3 npars of wsel ok (,0“5“ p(odana mass 3 npars of wsel vk cO“S“ p(odana mase 3 npars of wsel ok

Silhouette score — measures how well each sample fits within its assigned cluster relative to neighboring clusters, with
higher values indicating better separation and cohesion.

Bootstrap ARI — measures clustering stability across resampled datasets using the Adjusted Rand Index, with higher values
indicating robust cluster assignments.

Seed ARI — measures clustering stability across different random initializations using the Adjusted Rand Index, with higher
values indicating low sensitivity to the random seed.
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CLUSTERING PERFORMANCE

» Check on clustering performance given this sample and determined number of clusters. \ J

rmm o+ T
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CLUSTERING
Performance evaluation
Benchmarking

Silhouette score —
measures within-cluster
cohesion relative to
separation from neighboring
clusters; higher is better.

Davies—Bouldin index —
measures average
similarity between each
cluster and its most similar
competing cluster; lower is
better.

Calinski-Harabasz score —
compares between-cluster
dispersion with within-
cluster dispersion; higher is
better.
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CLUSTERING
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UMAP embedding grid — algorithm X input - 743 models
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CLUSTERING
Performance evaluation
Benchmarking
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CLUSTERING

mass

constr

constr mass

Judita Mamuzic¢ - Connection of small excesses in SUSY searches using machine

kMeans (classical)

kMeans (classical) | k=6 | input: gen_ew_mass | n=743
parailelpcoordinates (7 continueushi_10 m_chi_20 m_chi_30

4,384.3 676.79 4,384.2 4952

kMeans (classical) | k=15 | input: gen_ew_constr | n=743
parallel sets (4 binary)

EW_DM EW_EW

e

kMeans (classical) | k=2 | input: gen_ew_constr_mass | n=743
combined (4 binary + 7 continuous)
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Benchmarking

Performance evaluation
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kMeans (classical)
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Performance evaluation
Benchmarking
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CLUSTERING

kMeans (classical)

kMeans (classical) | k=6 | input: gen_ew_mass | n=743
Mass plane: m_chi_1p vs m_chi_10
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kMeans (classical) | k=15 | input: gen_ew_constr | n=743
Mass plane: m_chi_1p vs m_chi_10
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kMeans (classical) | k=2 | input: gen_ew_constr_mass | n=743
Mass plane: m_chi_1p vs m_chi_10

700 A

600

500 -

400 -

m_chi_10

300 A
200 A

| 100 A

constr mass

Judita Mamuzi¢ -

0 1000

2000 3000 4000

m_chi_lp

kO (n=49)
k1 (n=80)
k2 (n=283)
k3 (n=3)
k4 (n=85)
k5 (n=243)

kO (n=398)
k1 (n=84)
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kMeans (approx) | k=3 | input: gen_ew_constr_mass | n=743
Mass plane: m_chi_1p vs m_chi_10
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700 A

600 -

500 A

400 -

300

200 A

100 -

kMedians (classical) | k=2 | input: gen_ew_constr_mass | n=743
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CLUSTERING
Performance evaluation
Benchmarking
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DISTANCE MEASURES

Euclidean Cosine Hamming - Cartesian coordinates distance ;" 0 of angle between vectors | o
- Not scale invariant (units change , : Hamming distance
i (two vectors in the same -

the result), should use i~ Number of values that are

‘ ) orientation have cos of the angle | .
normalization 1, opposite have -1 . different between two vectors
‘ Al1]of1]1]0]|0 - Con: Less useful with high N : : .- Con: Difficult to use for vectors of
: : i - Counteracts the Euclidean high :
! ! number of dimensions : : : . different length
: . i dimensionality problem ; :
. Bl1l1l1lololo - Works best for low dimensional Con: . .- Usage: Error detection when data
. ) i - Con: Magnitude of vectors not | . .
data, keeps info on magnitude of . is transmitted over network, or for
. taken into account ; : )
vectors j i i i i measuring distance between
A . : = Usage: For high dimensional : : )
. - Usage: Simple and intuitive, used | ) ] categorical variables
; : i data where magnitude is
for simple examples with these di ded
constraints \sregarde
Manhattan Minkowski Chebyshev | Minkovski distance g
Manhattan distance .- Used in Normed vector space (n-
‘: , - Distance between real-valued . dimensional real space), l.e. for i Cherished distance
O 3 P=0o @ g vectors (distance betweentwo | vectors with length - Maximum distance along one
vectors in right angles, no .- It has 3 requirements: zero vector,; axis (Chessboard distance,
p=2 diagonal movement) . scalar factor and triangle . minimum number of King moves
- Can be used with high . inequality . from one square to another)
dimensional data .- It projects with parameter p to E, {- Con: For specific use cases only
v - Con: Less intuitive than . MandC . - Usage: USeful measure in games,
‘ P=1 - . . Euclidean distance - Con: Same restrictions as E, M e.g. warehouse crane making
- Usage: For discrete orbinary | andC . movements from single spot
data - Usage: iterate on p easily and '
: : i find the best option g
Jaccard Haversine Sgrensen-Dice s
— A Haversine distance 5
Jaccard index .- Distance of two points on a ;Sorensen-Dice index
2 x - Intersection over union, . sphere, given longitude and .- Similarity and diversity of
calculates similarity and i latitude (similar to Euclidean . sample sets. Percentage of
Union diversity of the sample distance without a straight line) overlap between two seats
- Con: Influenced by the size of — Con: Assumes points lie on a (similar to J), value [0,1]
the data . sphere i = Con: Higher weight for bigger
- Usage: For binary data, for .- Usage: in navigation, distance | sets (same as J)
similarity of images and text, . between two points when flying - Usage: In image segmentation or
parameter sets comparison . over Earth, no advantage for . text similarity analysis

short distances

Marteen Grootendorst <,
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https://www.maartengrootendorst.com/blog/distances/

CLUSTERING ALGORITHMS

————— < Cluster Mean () rilu_s«fr-Mfdold
: ¢ 4
o N ' L ¥ L ¥
S v of
nnnnnnnnnnnnnnn 0:’,.“.3.&'
............................................... AU SO OO SO OSSO SRUU SRR SUerererrererrerretetsererrerrS SN SRS O OO SO DSOS O N AU NSO UOR” SO SO s
: Density + variable density : Density, automatically : : : Kernel-based, finds :
Centroid Medoid E+works with distance Efinds the optimal minimum : Graph-based, works with : Graph communit 5 otential minima, good for : Dee (autoencoder) ' Dee (contrastive)
’ 5 P : similarity (cosine, Jaccard) P y P 9  -eep oeep

Distance concentration

..........................................................................................................................................................................................................................................................................................................................................................................................................................................

Mixed data

| matrix

Clusters with different
: density, simple clusters

: cluster size

..........................................................................................................................................................................................................................................................................................................................................................................................................................................

EVarlabIe density, very high E
: dimensional, stable across

Spectral Clustering (Suc

i Non-linear / manifold
: clusters.

: complex shapes

Complex potential

i clusters

: landscape / overlapping

* Colored are the best
performing combinations

: Learned representation

i Learned representation

ngh-dlm * Kk K dk Kk KAk KAk KAk KAk K dk
K-means K med0|ds HDBSCAN PLSCAN  Spectral Leiden FM-PQC IDEC Contrastlve

- ok k ok ok *k *k ok ok ok k
""""""""""""""""""""""""""""""""""""""" x *********************
""""""""""""""""""""""""""""""""""""""""" B e et T e e e
""""""""""""""""""""""""""""""""""""""""" L akk Rk Rk ke ke Rk ok ke
""""""""""""""""""""""""""""""""""""""""" U e e T e O OO T
""""""""""""""""""""""""""""""""""""""""" T T T T
""" Manhattan | % ak akk ek kA ek ak akk
Correlation | o ok ek ok UL T ok Kk kk
"""" Euclidean |  ax wkk xk sk xRk Ak ok ok kkk
"""" Hamming | - ek akk ke akk L ak x ek
‘Mahalanobi | o ok o™ o x T ****** """"""""""
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DISTANCE MEASURES

........................................................................................................................................................................................................................................................................................................................................................................................................................................................................................

........................................................................................................................................................................................................................................................................................................................................................................................................................................................................................

........................................................................................................................................................................................................................................................................................................................................................................................................................................................................................

.......................................................................................................................................................................................................................................................................................................................................................................................................................................................................................

........................................................................................................................................................................................................................................................................................................................................................................................................................................................................................

........................................................................................................................................................................................................................................................................................................................................................................................................................................................................................

.......................................................................................................................................................................................................................................................................................................................................................................................................................................................................................

........................................................................................................................................................................................................................................................................................................................................................................................................................................................................................

Comment for binary not sparse

Distance I-ld?r: Binary Sparse Mlxed Handles Zeros Measures When to Use
; Mixed binary
Gower ok ok bl Bkl Yes Mixed | and continuous 5**
' data '
Y  Patt High-
Cosine *kki k% *kk | k% es, ignores attern dimensional % %
g shared zeros | (angle)
- - sparse vectors,
Jaccard kk o okkk | kkk _ Yes, ignores Overlap . Sparse binary ;**
' . shared zeros | data
Dice kk o okkk | okkk _ Yes, ignores Ovsrlap Sparse binary Kk
' . shared zeros | (weight) s
Bray-Curtis | ¥* | *% | %%k | %k | Yes, ignores . Counts | Spar.se counts kK
. shared zeros | . or histograms |
Canberra | %% * % *kk | kk Yes,_ . Relative Data with many **
(~Manhattan) ’ - emphasizes | itterence zeros '
' . .small values :
; ; . General high-
Manrhattan | *~ *x *x *x No . Magnitude | dimensional 5**
’ ' distance
. ot L Kk * % * % Yes, mean Pattern/ Pattern *
5 centered shape similarity i
5 : Low-
Euclidean * - - *x No . Magnitude | dimensional *
' . continuous
. k| kkk | kK Bit . Binary vectors | %% %
g | 5 T No . differences | (dense) :
Mehetanobis | Jok No | Distribution . O% g
T B B ' (covariance) | dimensional
- a . continuous

Judita Mamuzi¢ | Connection of Small Excesses in SUSY searches

EWorks, but mainly useful
;when mixed with continuous

........................................................................................................................................................................................................................................................................................................................................................................................................................................................................................

.counts

Not suitable

Comment for continuous and sparse

EVery good for sparse high-dim
.continuous

.......................................................................................................................................................................................................................................................................................................................................................................................................................................................................................

EVery good for sparse counts/
.continuous

........................................................................................................................................................................................................................................................................................................................................................................................................................................................................................

' Works for correlated variables

ATLAS

EXPERIMENT

.. ® Jozef Stefan
o Institute

Input: binary, sparse continuous, mixed

Comment for mixed

data

:Can work if variables non-
:negative




SATE-OF-THE-ART CLUSTERING ALGORITHMS

Density-based (modern SOTA)

Graph-based / Spectral (modern SOTA)

Kernel / Quantum / Potential-based

(Modern SOTA)

Deep clustering (learned representation)

(Very modern SOTA)

DBSCAN

(DPC)

SUBCLU / PreDeCon

Classic density clustering

Density clustering with
variable density

Hierarchical density
clustering

Persistent multiscale
density clustering (new,
2025)

Finds cluster centers via
density peaks

Combines density +
geometry

Subspace density
clustering

Spectral Clustering

SSC /LRR

Graph Laplacian
clustering

Modern graph clustering
(better than Louvain)

Highly connected
subgraphs

Adaptive graph
clustering (2025)

Streaming graph
clustering (2025)

Subspace speciral
clustering

Quantum Clustering
(QC)

Probability Quantum
Clustering (PQC)

Gaussian Mixture
Models

Kernel Density
Estimation Clustering

Potential function
clustering

model

Density via kernel

Deep Embedded
Clustering (DEC)

Deep Spectral
Clustering

Graph Neural Network
clustering

Deep Subspace
Clustering

* Highlighted are the state-of-the-art algorithms that work well with high number of dimensions.

Judita Mamuzi¢ | Connection of Small Excesses in SUSY searches
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Autoencoder + clustering

Feature learning +
clustering

Subspace + deep
learning

..\. )




NUMBER OF CLUSTERS
HUMAN VS CLUSTERING ALGORITHM

0 |3 M/
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BINO-DM

SE_Bino-DM
1Lbb 2L0J 2L.2] Comp 3LOffsh 3LOnsh

'Constraints DM']
'Constraints EW']

'SurvATLAS']

'Constraints DM',
'Constraints DM',
'Constraints DM',

EWK pMSSM scan

'Constraints Flavour']

'Constraints EW']
'Constraints Flavour']

'SurvATLAS ']
'Constraints Flavour']

'SurvATLAS ']

'"Constraints Flavour', 'SurvATLAS']

SE and external constraints 15 categories (combinations)
* Missing Higgs mass constraint in this round.

'Constraints::DM', 'Constraints EW', 'Constraints Flavour']
'Constraints EW', 'SurvATLAS']

[
[
[
[
[
[
[
['Constraints EW',
[
[
[
[
[
[
[

0: 226 'Constraints EW',
'Constraints DM',
'Constraints DM',
'Constraints EW',
'Constraints DM',

SE_EWKino
1Lbb 2L0J 2L.2] Comp 3LOffsh 3LOnsh

Look into
models
surviving any
analysis

0: 149

Judita Mamuzi¢ | Connection of Small Excesses in SUSY searches

'Constraints Flavour',

'Constraints Flavour',

'SurvATLAS ']
'SurvATLAS ']

'Constraints::EW', 'Constraints Flavour', 'SurvATLAS']

Look into
models
surviving
multiple
analyses

ATLAS

EXPERIMENT

Look into
these models
in relation to
external
constraints
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et
£

SE + EXT.CONSTR. CORRELATIONS

SE = True

Bino-DM: co-ocurrence N(models) Bino-DM: intersection / union Bino-DM: P(A=1 | B=1) Bino-DM: correlation L 00
200 - -
Constraints DM - 46 40 36 8 175 Constraints_ DM 0.08 Constraints_ DM Constraints DM 0.75
= 0.8
150 0.50

CD Constraints  EW - 40 58 125 Constraints  EW - .19 0.28 06 Constraints_ EW Constraints EW - 0.031 0.025 0.25
(o - 100 0.00
C\l Constraints__ Flavour - 36 47 - 75 Constraints__ Flavour - .20 - 0.4 Constraints__Flavour -0.4 Constraints__ Flavour - —-0.25

~ - 50 - —0.50
2 -0.2 -0.2
g SurvATLAS - 8 58 47 64 - 25 SurvATLAS - (.08 0.25 SuryATLAS - 0.17 0.29 0.28 SurvATLAS - —-0.75
[ | | 1 1 ] -0 1 ] 1 - 0.0 1 1 ] - 0.0 ] EW - —f%OOt
@) = = 5 2 = = 5 2 = = 5 2 = = 5 2 C. arrec
o w o < - o/ i ; (@) L o < @) L o < a L o I .

C  Seemoreon o N 3 = 5-30% Iintersection | o 3 = . i | = = DM and N i > = differently the
=~ the number of £ £ o > of models in each 2- £ £ e > Once applied £ £ o > SurvATLAS £ £ o 2 Bino-DM and
an) .. © o o & constrain category,  © o i @ other c., no large g g i A g o L AEWKino

surviving @ @ = : (G @ = B B = complementary, 3 7 £
c c © except EW-Flav with < c © effect when c c © : : S 5 © models. Stud
models on the S S 5 0 S S = S S 5 motivates their S S 5 : y
o ~70%, study them o added EW c. 2 : 2 EW constraints
next 2 pages S h S S separate studies. 5 .
O together. O © . © == for different
2 | | | | | EWKino: P(A=1 | B=1) EWKino: correlation g-gns. L 00
| | | EWKino: co-ocurrence N(models) EWKino: intersection / union Lo '
¢P) 120 Cdpstraints_ DM 0.11 0.10 0.06 Constraints__DM 0.11 0.75
Constraints_ DM - 14 14 12 2 Constraints__ DM 0.05
o 08 0.50
ﬂ- 100 [
Constraints_ EW - 14 27 30 Constraints_ EW - (.11 0.20 0.6
_E - 60 Constraints__Flavour - 0.4 Constraints
: : Constraints__Flavour - 12 24 Constraints__Flavour- .10 - 0.4
-40
<
20 -0.2 SUrvATLAS - 0.14 020  0.20
I | I SurvATLAS - 2 27 24 31 SurvATLAS - 0.05 0.20 0.19
| I I - 00 ! !
-0 - 0.0 = 5 %) = = > 2
s 2 L s 2 Lo - I T -
&) 0 3 < &) 0 2 < | | = 5 " 0 o <
I | = = | | = E 2 g o > = c = e
0 0 L < 0 0 L < c c - £ = 5
c c b S = c b S ‘© © 0 A o C 2 n
© © v @ © © % a 3 7 c 4 @ £
7 7 J= 15 7 = 5 5 o S S g
5 5 © S s © O O 7 O O i
@) o 0 o O 0 S (o)
c c O O
o o
O O
LPY M/
: v. s : : oo Jozef Stefan . S S
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ExtSE_Bino-DM_1 ExtSE_Bino-DM_3 ExtSE_Bino-DM_2 ExtSE_Bino-DM_4

PARALLEL SETS
o ) SE: BINO-DM st e

I =

cut. Study 1 ATLAS is a
separately. ;ﬁ’;}? cut.
I1 0: 180 1: 169 1: 202 I 1 Separately' 0: 162
o o o o Study all non-ATLAS constraints

ExtSE_Bino-DM_5
DM EW

0
0
1
1
0: 186
1:40

ExtSE_Bino-DM_8

ExtSE_Bino-DM_7 ExtSE_Bino-DM_11
DM ATLAS DM EW Flav

*SE models pass DM, EW and Flav constraints, but are killed by other
ATLAS analyses.
DM somewhat orthogonal to ATLAS

.2 1 DM+EW+Flav

Study all non-DM constraints
ExtSE_Bino-DM_13 ExtSE_Bino-DM_14

DM Flav ATLAS EW Flav ATLAS

- I EW+Flav+ATLAS

0: 168
1:58

1: 152
k J v

. \ EW and Flav not strong
ExtSE_Bino-DM_10 . e
av ATLAS cuts, can study surviving

models together, separate
from ATLAS.

F
Study all constraints
0: 179
1: 47

: v.r . . 8® jozef Stefan 4
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ExtSE_EWKino_1

©

DM is a strong
cut. Study
separately.

ExtSE_EWKino_5

DM EW

ExtSE_EWKino_8

ExtSE_EWKino_10

ExtSE_EWKino_2

EW
1
0: 135 1:133
1: 14 0: 16

ExtSE_EWKino_6

0: 135
1:14

1: 108
0: 41

\ EW and Flav not strong

0: 122
1: 27

ExtSE_EWKino_3

ExtSE_EWKino_7

ExtSE_EWKino_4
ATLAS

ATLAS is a

strong cut.
Il Study

separately.

1:118
0: 31

ExtSE_EWKino_12
DM EW ATLAS

cuts, can study surviving
models together, separate
from ATLAS.

0: 125
1: 24

Judita Mamuzi¢ | Connection of Small Excesses in SUSY searches

By eye:

TEW & Flav

2 DM

3 SurvATLAS

4 EW

5 DM & EW & Flav

6 EW & Flav & SurvATLAS
7 All

PARALLEL SETS
SE: EWKINO

Study all non-ATLAS constraints @

ExtSE_EWKino_11

SE = True

Study all non-DM constraints

ExtSE_EWKino_13 ExtSE_EWKino_14

Study all constraints

N
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CLUSTERING OPTIMAL, 14

Elbow: point of maximum curvature in inertia decrease

Elbow Method Silhouette Score (higher = better)

Silhouette: measures how similar objects are to their own cluster vs others
Calinski-Harabasz: ratio of between-cluster to within-cluster dispersion
Davies-Bouldin: average similarity between each cluster and its most similar one

1.01 -==- Bestk=14
- 2nd k=13 :
@ 600 Range: [5, 15] :
© 0.9 :
g I
2500 + :
= < 0.8 1 I
S 8 :
7 400 8 !
3 300 v 0.7 1 !
(@) o) I
c < !
£ 200 n 0.6 :
= .0 1 |
= |
© l
£ 100 -

o ——- Best k=11 : 0.5 - |
C 1 |
= 2nd k=8 "
0 - Range: [5, 15] :

|
2 4 6 8 10 12 14 2 4 6 8 10 12 14

Number of clusters (k) Number of clusters (k)
le3l Calinski-Harabasz Index (higher = better) Davies-Bouldin Index (lower = better)

-=-- Best k=14 1.2 1 :

= 2nd k=13 :
Range: [5, 15] :

1.0 -

[e)]
1

(O}
1

Calinski-Harabasz Score
w ESN

Davies-Bouldin Score
o
(o))

N
1

14 -—- Best k=14
2nd k=13
01 @ O O O O O O O & & O 0.0 A Range: [5, 15]
|
2 4 6 8 10 12 14 2 4 6 8 10 12 14

Number of clusters (k) Number of clusters (k)

Judita Mamuzi¢ | Connection of Small Excesses in SUSY searches

kMeans(n_clusters=k, random_state={,
n_init="0)

Starting from total number of
combinations and extracting the
optimal number of clusters from 4 tests.

Parallel sets: SE clusters with constraint dimensions (red-green gradient)
cluster

cluster

astraints . DM Constraints_  EW  Constraints___ Flavour SurvATLAS

12

10

Max k from combinations: 15

Valid range: [5, 15]

Elbow Method suggests: k = 11

Silhouette Score suggests: k = 14 (score: 0.996)
Calinski-Harabasz suggests: k = 14 (score: 7e31)
Davies-Bouldin suggests: k = 14 (score: 0.000)

ATLAS o8° Jozef Stefan /\I/\ SMASH 55
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C L U ST E R I N G R E D U C E D : 8 El\_ﬂiiﬁzs(r;_clusters=k, random_state=0,

Scanning (1/3-1) total number of
combinations and extracting the
second best number of clusters from
left using the 4 tests.

Parallel sets: SE clusters with constraint dimensions (red-green gradient)

cluster

onstraints_ DM Constraints__EW  Constraints__Flavour SurvATLAS cluster

* Reduce the number of clusters as
second best, see if similar to by eye
study.

» ==> Clustering takes pass, fail, ignore,
while by eye we focused on pass and
ignore. Reconsider the fail option in by
eye clustering.

Max k from combinations: 15

Valid range: [5, 15]

Elbow Method suggests: k =8

Silhouette Score suggests: k = 13 (score: 0.992)

Calinski-Harabasz suggests: k = 13 (score: 4868.1)

Davies-Bouldin suggests: k = 13 (score: 0.288)
ATLAS 08® Jozef Stefan /\|/‘ SMASH 56
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RL REDUCED: CLUSTER MERGING 10

Aim: Find me interesting models:

NOW: Use RL to define clusters of
models passing external and ALTAS

Parallel sets: SE clusters with constraint dimensions (red-green gradient)

constraints -

Next: Use RL to define clusters using N By, aints_DM Constraints__EW ~ Constraints__Flavour ~ SUrvATLAS cluster

addition mass spectrum, increase of w— | 8

Xsec, topology, mixing, survived TN

analyses ; .
Test example:

STATE: Cluster (similarity bin and

feature distance bin) 2

REWARD: Merge similar clusters by

survived constraints and ATLAS
exclusion

ACTION: with 20% probability it explores
and improves understanding

ATLAS oo’ Jozef Stefan -/.\.I/; SMASH o7
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