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STANDARD MODEL AND PHYSICS BSM

Standard Model of Elementary Particles
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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/

Strategy é §
* No favoured theory or mass of new physics ERal K §
» Test any incarnation of new physics at the LHC ] S
- Impossible to test all models and the parameter space, priority e ;
given to feasable searches with best theoretical motivation Statistical interpretation C
Model independent Model dependent 8
Analysis optimization P(D|B P(D|S + B >§
Full model Simplified model (D|B) (D] p+ ) &
S+B
3 ~ CLS - -
é 4800 - g : 1 o pB
o How significant is the excess? Is the model excluded?

3200 |

* Model excluded at 95% CL

2400 L T - Rule of thumb in BSM: for CLs_obs <0.05
ool ' XZ 310 6 SD signof new  oxiusion).
ohysics J - Analyses optimised to
Boor - 0/ maximise parameter space
: i . :
1 g N Vs — 2 0 SD: small excess with CLs_exp < 0.05
7 (sensitivity).
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https://iopscience.iop.org/article/10.1088/1742-6596/664/7/072004
https://iopscience.iop.org/article/10.1088/1742-6596/664/7/072004
https://doi.org/10.48550/arXiv.1105.3166

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 &

. i A
Model Signature  [£dr (] Mass limit Vs=13TeV  +5=13,13.6 TeV Reference
L] L] L] L] L] L] L] Ll I L] T L]
3G, G—gt) Oe,u 2-6jets EFS 140 1.85 m(¥?)<400 GeV 2010.14293
@ mono-jet  1-3jets EM™S 140 |4 [8x Degen] 0.9 m(g)-m(¥})=5 GeV 2102.10874
S 2 2-q30 Oe,u 26jets EMS 140 |z 2.3 m(tY)=0 Gev 2010.14293
] 4 Forbidden 1.15-1.95 m(¥})=1000 GeV 2010.14293
Bz z—gaWh Tenu 2-6 jets . 140 |2 2.2 m(¥?)<600 GeV 2101.01629
q>) 88, 8—qq(COX) ee, (UL 2 je‘tS Efp?ss 140 F4 2.2 m(}?)<700 GeV 2204.13072
@ 28, poqqWZh) Oe,u 7tjets  EY™ 140 |2 1.97 m(tY) <600 GeV 2008.06032
% SSe,u 6 jets 140 |z 1.15 m(z)-m(¥!)=200 GeV 2307.01094
£ 55, 5ol 0-1e,u 3b EPS 140 |z 2.45 m(t?)<500 GeV 2211.08028
SSe,u 6 jets 140 |z 1.25 m(z)-m(¥1)=300 GeV 1909.08457
bib Oe,pu 2b  EMS 140 | By 1.255 m(t))<400 GeV 2101.12527
by 0.68 10 GeV<Am(b, ¥1)<20 GeV 2101.12527
w = biby, bi—bt> — bhi) Oe,u 6b  EMS 140 |B Forbidden 0.23-1.35 Am(E3,13)=130 GeV, m(¥")=100 GeV 1908.03122
% -% 27 2b EPS 140 | B, 0.13-0.85 AM(E3,¥0)=130 GeV, m(¥})=0 GeV 2103.08189
23 ih, - 0-1e,u >ljet EMS 140 |7 1.25 m@E%)=1Gev | 2004.14060, 2012.03799
2 §_ fif, o _>Wb,?‘l’ 1epu Bjets/1 b EP™ 140 i Forbidden 1.05 m(¥})=500 GeV 2012.03799, 2401.13430
S5 fif1, hi—>t1by, 711G 1271 2jets/1 b Ef™ 140 i Forbidden 1.4 m(71)=800 GeV 2108.07665
= “3 i, ot 1 8e, ek Oe,u 2¢ ET'S 139 G 0.9 m(t))=0 GeV 2410.17824
e Oe,u  mono-et EM* 140 |# 0.55 m(f,&)-m(¥})=5 GeV 2102.10874
fiy, >0y, Y9 —Z/hi) 1-2epu 14b  EPS 140 | R 0.067-1.18 m(¥3)=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 EMis 140 )?I/xf“ 0.96 m(¥)=0, wino-bino | 2106.01676, 2108.07586
ee, jup >ljet EPS 140 | ¥ /X/E 0.205 m¥E)-m(¥))=5 GeV, wino-bino 1911.12606
}T}T viaWw 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
o XX vial /v 2e,p EPS 140 | B 1.0 m(@,7)=0.5(m(¥E)+m(¥)) 1908.08215
2§ ol 27 Ep™ 140 [ENEDRFRIIoiss 0.5 m(¥})=0 2402.00603
WS 7rlg, (00 2e,u Ojets  EMS 440 |7 07 m(r)=0 1908.08215
ee, i >ljet EPS 140 |7 0.26 m(®)-m(t))=10 GeV 1911.12606
HH, H—hGZG Oe,pu >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 EP™ 140 H 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  EPS 137 )?; 0.67 Pure Wino 2603.08315
S 57 0.225 Pure higgsino 2603.08315
£ o stable z R-hadron pixel dE/dx EMs 140 |z 22 2502.06694 1
g g Metastable g R-hadron pixel dE/dx E;“fs 140 |2 [ =10ns] 2.2 m(t%)=100 GeV 2502.06694
S8 Wi Displ. lep EP™S 140456 | & 0.8 7(?)=0.1ns 2410.16835
~ , 7 0.39 w(€)=0.1ns 2410.16835
pixel dE/dx  ditrk  ET™ 140 |7 0.56 ()= 10ns 2502.06694
XTI sze—eee 3eu 140 Pure Wino 2011.10543
XiXT 0 — Wwzeeetvy de,p Ojets  EPs 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
iy, i—bs 2jets+2b 36.7 0.61 1710.07171
iif, hoqt 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
XGRS0, R0, —tbs, X —bbs  1-2e,u 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 101 ! ! ! ; E— 1 ! : ! July 2024

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

Mass scale [TeV]

- 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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HMBS-2024-64, JHEP (2025)

ATLAS SUSY-2019-09, EPJC (2021)

ATLAS SUSY-2018-16, PRD (2020)

~ CMS SUS-18-004


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/

LARGE-SCALE REINTERPRETATION

Simplified model PMSSM model PMSSM-19 scan ATLAS pMSSM EWK,

% Parameter min max Note EWK 8
e N ATLAS Internal INO SCan
< 4800 | tr M; (=M;,) 10TeV 10TeV Le.:ft-handed slepton (first two gens.) mass VS =13TeV, 139fb~1, ATLAS exclusion fraction ‘Q\|
0 N M;, (=Mp,) 10 TeV 10 TeV Right-handed slepton (first two gens.) mass ;- 600 ] 1 O
S 8 M;, 10TeV 10TeV Left-handed stau doublet mass O I === ATLAS simpl. WZ model excl. al
= Mg, 10TeV 10TeV Right-handed stau mass @) [ LL]
4000 |- — 500F D 1
My (=Mp,) 10TeV 10TeV  Left-handed squark (first two gens.) mass S I 0.8 %
M;, (=Mz,) 10TeV 10TeV Right-handed up-type squark (first two gens.) mass 1 [ ) =) P,
~ (=M ~ 1 - _ ~ N O ~
3200 | M; (=M;) 10TeV 10TeV Right-handed down tyPe squark (first two gens.) mass c 400k < 10
Mp, 2TeV  5TeV  Left-handed squark (third gen.) mass I ) —
N Mg, 2TeV 5TeV  Right-handed top squark mass I 0.6 £ |
2400 |- %’12 M, 2TeV 5TeV  Right-handed bottom squark mass 300 _ § O
-0 by M, -2TeV  2TeV  Bino mass parameter - = AN
%6 Xzi M, -2TeV 2TeV  Wino mass parameter I 0.4« O
3 7 -2TeV 2TeV  Bilinear Higgs mass parameter 200 BWA: O O\
1600 |- M; 1TeV 5TeV  Gluino mass parameter / Y g >|_
A; -8TeV 8 TeV  Trilinear top coupling I/ 5 "8 (D
800 I Ap 2TeV 2TeV  Trilinear bottom coupling 100 v 0. ©
~0 / ~+ 00 HO Ht A; 2TeV 2TeV  Trilinear 7 lepton coupling D
)( 2 /k 1 I Al -0 i My 0TeV 5TeV  Pseudoscalar Higgs boson mass U)
e 0 )Ea X1 tan 3 1 60 Ratio of the Higgs vacuum expectation values
h i 0 0.0
~0 | 250 500 750 1000 1250 1500 1750 2000
! m(X3) [GeV]

* Reinterpret SUSY analyses using full models.

» Use the Phenomenological Minimal SUSY (pMSSM) [1],[2] with 19 parameters at the high mass scale, imposing
theoretical and experimental constraints to reduce the number of parameters.

» Generate a large number of models and explore a large number of final states using existing analyses.
» Point to uncovered regions to which no sensitivity was obtained, design a new round of searches

NA
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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/

SMALL EXCESSES

RNS NUHM2 m0_5TeV tanB 15,A = 1 6m0 m, 1TeV u>0
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smaII excess

‘New type of study Look into models that were expected to be excluded,
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Find a connection for

| final states and models

but were not due to small excess (potential new physics).

.Small Excess analysis criteria: CLSexP < 0.05, CLng > 0.05, (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)
Judita Mamuzic¢ - Connection of small excesses in SUSY searches using machine learning - SMASHING Workshop, Vipava 2026

ANALYTIC SCAN OF SE MODELS

* ATLAS EWK

SE models before ATLAS Run-2

All Analyses, Bino-DM Scan, EWK Prodqgt_lq_\_ -

e, — e — ey —— -y ———————y——————————>
caba BB LR LR B L AN B LA I - - . - .- -
.

Models found once
Models found twice

(Dmgresiac o o

PMSSM study
done in Nishant
Gaurav master
thesis.

- EWK pMSSM

R i ) scan (public)
L . - . e e » Single out best
motivated
L — :.':-:' -..x.':: '.'.:-':.: : '-:;-':-T..'. .:. --:c“ — :. =00 mOdeIS for Run3
EWK scans: ModelID  gearches.
« SEM 100-200
* Found twice ~10 & s} 3. ;
2 3600 — {'..
2;“: ,} — H b,
2400 L.
400 L {.n — :‘
I’ h;
ATLAS g8° Jozef Stefan N / ¢ SMASH ¢
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http://inspirehep.net/record/1394670
http://inspirehep.net/record/1351762

CLUSTERING OF SE MODELS: WORKFLOW

INPUT FEATURES Examine the input features:
: : Binar » Binary: external constraints and analyses surviving SE criteria
- Cluster SE models to obtain categories of best- Continuous - Continuous: mixing. BF g °
motivated models for future studies Cont'nﬁﬂ?;:d‘c’parse  Continuous sparse: mass, input parameters, cross-sections
_ _ _ ¢ e Mixed: binary+contiuous, binary+sparse contiuous etc.
» Unsupervised model categorisation for NeXt rOUNG ¥
of Se?‘rCheS_ _ | PREPROCESSING Determ!ne if the input bengfits from transformation before any
» Consider highest number of input features (input clustering (for any clustering)
parameters, masses, BF, cross-section, external L
' I 4 )
constralnts, ATLAS analyses SUFVIV8.|) Determine if input feature requires a transformation to mitigate
DOMINANCE dominance (important for mixed input features, per clustering
: : : : algorithm
» Optimal clustering algorithm chosen per input type! [ y ° )
4 )
Determine the number of clusters (per clustering algorithm,
N o o k-SWEEP . o .
S e T A some algorithms have a built-in determination of number of
i Judita Mamuzic¢ (1JS) in collaboration with  } ! | clusters)
| Andrej Filipcic (IJS), Brian Petersen (CERN), § } v e
Jonas Wurzinger (TUM) Lukas Alexander Perf;;‘;ﬁg{fggfi&ﬁon Clustering, performance evaluation, benchmarking according
{Heinrich (TUM), Nishant Gaurav (Vanderbilt ] Benchmarkin; to typical criteria (per input type and clustering algorithm)
 University), Roberto Ruiz De Austri Bazan | N I Jo

| (IFIC), Aurelio Juste (IFAE), Ciril Bohak (UL |
,' A _ o PHYSICS ANALYSIS Physics analysis with the optimal clustering algrithm(s)

o0 ™Y /
Judita Mamuzic - Connection of small excesses in SUSY searches using machine learning - SMASHING Workshop, Vipava 2026 :e‘.:[.!TﬁNST O ]',?:ﬁ:u?;efa" < SMASH 7
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CLUSTERING OF SE MODELS: PREPROCESSIN

Preprocessing

Input

EW_DM EW_EW EW_Flav E

ATLAS nternal

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

N
N,
©
o
]

0 1000 2000 3000 4000 5000
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1.0

o o o
N o o
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O
)V

S
o

2:182
3: 420

—

VAT-ordered model index
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prepare_features

100
200
300 A

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

- 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
Judita Mamuzic¢ - Connection of small excesses in SUSY searches using machine learning - SMASHING Workshop, Vipava 2026

» 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 -

0.6 -

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

General EW pMSSM
scan, SE = True

Domination

----- 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

ATLAS 82 Jozef Stefan .\ 2

ExPERIMENT ®9® Institute

m none
BN pbglp_dominant
S power_transform

mmm quantile_transform mmm 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

SMASH s
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CLUSTERING OF SE MODELS: PERFORMANCE

kK-Sweep / builtin

SpKMeans (classical) - euclidean

HDBSCAN (classical) - braycurtis

Clustering
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CLUSTERING FOR SE MODELS: APPLICATION

PhySICS EW small excesses vs m(x?3) [GeV] - 743 models

Analytic

- Start with a minimal example, gradually extend complexity.  ew e | [ -0
» Choose input blocks, extract physics meaning. ;f 173) - I o
» Analytic: E EwkComp (170) - 2
* Interesting to see multiple SE models point to "100 § ewa - 3o§
GeV )? 01 g Ewk2L0J (40) é
- Clustering, input mass: £ cwtonn 0o1- 2‘%
. Dominant cluster has 100 GeV 70,, 70,, 70;and I e 1 0
¥ £ (considering a higher number of dimensions EwkaL. (2) -
and higher precision in characterisation) IR m(x')[Ge'V] - o
Clustering s 3 oo 350 g et s o o s s e et S 1 St o 10

-
™
° o

kmeans classical - euclidean: not matched (cluster size) ' ‘ 3500 A 1400

m kO: 5 (162) /AN

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

o
©

Jaccard index |A, n Bg|/|A; U Bs| (number: shared models)__,

kO - 158 1400

o
)

both: matched, AN B NRN
m kO: 157 1200 - %
= kl: 34 NN

o
IS

different clusters in A and B

m k0: 5 1000
k2: 4

parallel coordinates: its blue and red !

lines coincide, one line in A's shade 800

k1l-42 4

T
o
N]

©
<)

kO k1 k2
162 34 4 kmeans approx - swaptest: not matched (cluster size)
kmeans classical - euclidean cluster (ranked by mean m(x?) [GeV]) - size m kO: 1 (158)

= k1:8(42) 600 R

» Good agreement of
tWO best_perfOrming = kmeans approx - swaptest:
algorith ms

prox - swaptest cluster (matched to kmeans classical

400 =

200

80.1 0.7 83.1 148.9 343.9 2.4 0
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SUMMARY

* New methodology:

» Collectively consider models to which good sensitivity was obtained but were not excluded due to a small
excess, potential new physics

* Clustering of small excess models:
* Preprocessing
- Dominance mitigation
- Choice of optimal clustering algorithm for given input
» 2-algorithm cross-validation
* Physics application:
- Example: Dominant cluster points to y0,, ¥0,, ¥0; and y=*,around 100 GeV
* Next steps:
- Summarise methodology and findings (publication planned in 1 month)
» Clustering for data events (model-independent approach, proof of concept)
» Pursuit of new physics using pMSSM (Reinforcement Learning)

oo N\ /
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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
Esynchronization, Cl, flowcharts, shell utilities, batch execution, and
‘benchmark templates.

scripts/
scripts/templates/

Judita Mamuzi¢ - Connection of small excesses in SUSY searches using machine learning - SMASHING Workshop, Vipava 2026

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.

ExPERIMENT ®@® Institute

ATLAS o:. Jozef Stefan ‘\ /e
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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 preliminary General pMSSM PRODANA_COLS: - meL
scan, EWK production - Ewk1L2b - meR
- Ewk3LOnsh - mmuL
- EwkComp - mmuR
- Ewk2L2J - mtaulL
- Ewk2L0J - mtauR
- Ewk3LOffsh MASS_COLS:
- hinv -m_chi_1p
- EWKA4L -m_chi_10
XSEC_COLS: - m_chi_20
- xsec_20_1p -m_chi_30

- m_chi_40
-delta_ m_chi 20 m_chi 10
- delta_m_chi_1p_m_chi_10

-xsec_20 1m
- xsec_1p_1m

- xsec_10_1p

BF_COLS:
-xsec_10_1m o o
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

o0 o\ /
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CLUSTERING ALGORITHMS

K-sweep criteria

EDeCision for k*

EPrimary metric?
:(validation.pri

Stability tests

Algorithm gVarlant Implementatlon :K-selection :(validation.ksweep)  i(validation.decision) :mary) (validation.stability)
classical - classmal scikit-learn sklearn.cluster.KMeans - approx: in-house NumPy (analytic swap-test distance; classical counterpart of ' Escqn K ‘(euclidean): silhouette - Emajprity vote -Of silhpuet.te : 5
el :vbelis/latent-ad-gml (https://github.com/vbelis/latent-ad-qml) g-means) - sim: vendored Raijeku/gmeans (https://github.com/ :calinski_harabasz - :davies_bouldin - calinski_harabasz : E
approx - sim - ol - v . ) . » : - .
Raljeku/qmeans) swap-test/Grover circuits (Qiskit) on giskit_aer.AerSimulator - quantum: vendored Raijeku/gmeans (https:// EeXpllClt k — sweep / fixed / EdaVIes_bouIdln E bootstrap_ari; ties > ESIIhouette (max, Ebootstrap_arl > 0.8
kmeans quantum .github.com/Raijeku/qmeans) circuits on IBM Quantum via giskit_ibm_runtime.Samplerv2 fromrun .elbow_kneedle - bootstrap_ari_:bootstrap_ari .euclidean) seed ariz08
classical - :classical vendored vbelis/latent-ad-gml (https://github.com/vbelis/latent-ad-gml) c_kmedians.Kmedians (modified from GitHub Escqn K '(manhattan): silhouette o '
approx - sim - :@hounslow) - approx: in-house NumPy (analytic counterpart of kmedians.quantum) - sim: in-house — Raijeku/gmeans (https:// :calinski_harabasz - :majority vote of silhouette - :
) glthub com/Raijeku/gmeans) swap-test circuits on qgiskit_aer.AerSimulator + Weiszfeld geometric median - quantum: vendored iexplicit k — sweep / fixed / idavies_bouldin . ielbow_kneedle - bootstrap_ari; ties isilhouette (max, ibootstrap_ari >0.8-
kmedians _|quantum & vbelis/latent-ad-qm! (https://github.com/vbelis/latent-ad-qml) gkmedians (Qibo + TensorFlow) fromorun o .......ielbow_kneedle - bootstrap_ari i~ bootstrapari \manhattan) seed ari=0.8
iscan k (cosine): silhouette - ‘majority vote of silhouette ;
: :calinski_harabasz - :davies_bouldin - calinski_harabasz ;
. texplicit k — sweep / fixed /|  idavies_bouldin - - bootstrap_ari; ties > isilhouette (max,  ibootstrap_ari= 0.8 -
spkmeans |classical <_: jlin1/sparsekmeans (https://github.com/cjlin1/sparsekmeans) sparsekmeans.LloydKmeans fromorun elbow_kneedle - bootstrap_ari ‘bootstrap_ari icosine) ... seed_ariz0.8
iscan k (cosine): eigengap - : :
: :silhouette_embedding - ‘majority vote of eigengap - :silnouette_embeddi
. : rexplicit k (n_clusters) — :calinski_harabasz_embedding - silhouette_embedding - :ng (max, run ‘seed_ari = 0.8 -
spectral Classical scikit-learn sklearn.cluster. SpectralClustering (affinity="precomputed") :sweep / fixed / from_run__ :davies_bouldin_embedding - _:bootstrap_ari; ties > bootstrap_ari :distance) bootstrap_ariz 0.8
iscan k (euclidean): silhouette - imajority vote of silhouette ;
: : icalinski_harabasz - ‘davies_bouldin - calinski_harabasz :
{in-house NumPy surrogate of AlessandroPoggiali/QKmeans (https://github.com/AlessandroPoggiali/QKmeans) (HQKMeans-1:  iexplicit k — sweep / fixed /  idavies_bouldin - i bootstrap_ari; ties - isilhouette (max,  ibootstrap_ari = 0.8 -
hgkmeans |approx binomial shot-noise swap-test distance « Lloyd update) fromorun elbow_kneedle - bootstrap_ari ‘bootstrap_ari euclidean) . seed_ariz0.8
; ; Escan k (euclidean): silhouette - ;
. {approx: in-house NumPy (RBF-kernel k-means; paper-only, no public code) - sim: in-house — giskit.circuit.library.ZZFeatureMap explicit k — sweep / fixed /  icalinski_harabasz - ibest silhouette, gated by seed_ari :silhouette (max,
vac apProx - SIM _ ifidelity kernel on giskit-aerAerSimulator e fromorun davies_bouldin - seed_ari 208 euclidean) . seed ariz08 .
: Escan k (euclidean): silhouette - :
. 'explicit k — sweep / fixed /| icalinski_harabasz - ‘best silhouette, gated by seed_ari :silhouette (max,
vqasc . approx . ....i iscikit-learn sKlearn.cluster SpectralClustering on a Gaussian kernel (paper-only, nopubliccode) . fromrun__ idavies_bouldin:seedari 208 euclidean) _S_ee_f_i__ar'__?__Qﬁ? _____________________
: Escan k (euclidean): silhouette - majorlty vote of silhouette -
'explicit k — sweep / fixed / icalinski_harabasz - daV|es bouldin - calinski_harabasz S|Ihouette (max,
qclusformer japprox i in-house NumPy random projection + scikit-learn sklear.clusterKMeans (paper-only placeholder, nopubliccode) ifromrun  idavies_bouldin-seed.ari - - seed_ari;ties > seedar ieuclidean) _3_99@__?%('__?__9_8 _____________________
iscan k (euclidean): silhouette - §major|ty vote of silhouette -
: :calinski_harabasz - :davies_bouldin - calinski_ harabasz, |
iexplicit k — sweep / fixed /  idavies_bouldin - ‘gated by seed_ari = 0.8; ties > §5|Ihouette (max,
qubosa approx ... | n__h_czs{%ﬁ_NHmF_’_v__Qy_B_Q_'_<_msa_s:'_@_'_q'?__f__S:'_r_n_la'_a_t_esv_'_@nn?_a'_'ng__(_t_r_@n?_?_r_'_r?nsv_r_\_91‘_ﬁ?.@.c_!ﬂh_@g_e__?_t_9'___2_918___E_q_s___!__4)_________________________________ff_r_em__r_t_*n________________________________ﬁ!?QW.-!ﬂnse_?_q_'_e_____s_??_d__ﬁr! __________ seed_ari . ...........euclidean) ! §¢_<?_f_i__?_r'_._>__9_$ _____________________
:implicit — auto: k emerges
:from the density tree iscan min_cluster_size (grid [5, :
. '(min cluster_size, 110, 15, 20, 30, 50]): dbcv - :best dbcv, gated by ari_stability = idbcv (max, run
hdbscan  |classical scikit-learn skiearn.cluster HDBSCAN(metric="precomputed”) | min_samples) n_clusters-noisefrac 08 ... idstance)  : ?99!?_@_9_9!!_?__9_? _____________
: Eimplicit— auto: k = number Escan resolution (grid [0.1, 0.25,
) . ivtraag/leidenalg (https://github.com/vtraag/leidenalg) leidenalg.find_partition + CPMVertexPartition on a python-igraph kNN :of communities (k_neighbors 0.5, 0.75, 1.0, 1.5, 2.0]): :best modularity, gated by . .
leiden Classical D0 e iQraPh, esOlUtion)  imodularity -n_clusters aristabity=08  imodularity (max) iseedariz08
iimplicit — auto: k = density §scan dc (grid from distance ! :
' icritical points (dc, rho_c, iquantiles): dbcv - n_clusters - ibest dbcv, gated by ari_stability = idbcv (max, run
qclue approx ... | n..h99§.€.=.NHW_E’.Y..SHI_(?_Q..@??.<.@.'g9r_'.t.hm.s._.d_?n.S.'_ty._si.?.rJ_S.'.t_y._f.'.t_).QT.Q.L_!J._E.._a:'.9.<.>_/9!99.(_h.t_tp_S../_/.9_'.ths{t?..0_991/_9_L.H.E._a'_g.fe./qlve.)_.._.._.._.._.._.._..9'9.'?9)_.._.._.._.._.._.._.._.._.._.._.._.._.n9!§<?..fr.@.0. ................................. 08 e diStanCE) seed ariz08
Eimplicit — auto: k = density Escan dc (grid from distance ;
: :critical points (dc, rho_c, iquantiles): dbcv - n_clusters - ibest dbcv, gated by ari_stability = idbcv (max, run
qlue approx {in-house NumPy surrogate (algorithms._density.density_fit) of QLUE-algo/qglue (https://github.com/QLUE-algo/qlue) :delta) inoise_frac :0.8 :distance) seed_ari = 0.8
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PREPROCESSING

Input type Test Comment

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

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

‘many near-singleton patterns = little to cluster

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

. - - z 0.5 no structure, - 1clusterable, - 0 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.

0 |3 A
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DOMINANCE

Mitigation Comment
. log  Compresseslarge values with log transformation..
__________________________________________ Robustscale  Rescalesusing the median and interquartile range.
e BIOCK DAlANCE  Rescales each dominant feature block to unit total variance while preserving relative variance within the block.
_________________________________ Max-absolute scale Normalizes each teature by its maximum absolute value.
________________________________________ Min-max scale . Mapseachteaturetoafixed boundedrange. e
___________________________________________ PCAWhiten ... Logarithmically compresses only the most dominant feature(s).
e Quantile transform  Maps features to a common target distribution. e
___________________________________________ Standardize  Rescales features to zeromean and unitvariance.
Power transform .Gaussianizes feature distributions and stabilizes variance.
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CLUSTERING K-SWEEP AND PERFORMANCGE TESTS

Criterion Elmplementation

silhouette / silhouette_embedding | sklearn.metrics.silhouette_score (embedding variant scored in sklearn.manifold.spectral_embedding)
calinski_harabasz (_embedding) | sklearn.metrics.calinski_harabasz_score
davies_bouldin (_embedding) | sklearn.metrics.davies_bouldin_score
elbow_kneede ] kneed.Kneelocator on the inertia curve
bootstrap_ari - seed_ari - ari_stability | sklearn.metrics.adjusted_rand_score (mean pairwise overrefits)
eigengap ] scipy.linalg.eigh + sklearn.manifold.spectral_embedding
dbev ] hdbscan.validity.validity_index
modularity ] Igraph.Graph.modularity
n_clusters - noise_frac NumPy label counts (diagnostics/ksweep.py::compute_param_scan)

Algorithm stability:

- 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 ARl — 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

Clustering performance:
e 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

e Calinski—-Harabasz score — compares between-cluster dispersion with within-cluster dispersion; higher is better
0 |3 A
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