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ATLAS summary plots

Motivation for Model Generic Searches

e Beyond the Standard Model (BSM) searches in colliders follow a general recipe

1. Pick a model for some final state signature

o®
2. Determine relevant parameters for the model
o
o9 3. Design selections on your observables to
New BSM  Final state enhance the signal over background
Physics particles
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ATLAS summary plots

Motivation for Model Generic Searches

e Beyond the Standard Model (BSM) searches in colliders follow a general recipe

New BSM

Final state
particles

enhance the signal over background

. Pick a model for some final state signature

3. Design selections on your observables to

2. Determine relevant parameters for the model

Physics
roblem: way too many models/signatures to develop independent searches for!

ATLAS Heavy Particle Searches* - 95% CL Upper Exclusion Limits ATLAS Preliminary

- o . o .- )
ATLAS Diboson Searches - 95% CL Exclusion Limits ATLAS Preliminary Status: March 2023 (L dt = (36 - 139) fb? \F=13TeV
Status: March 2023 - -1 s=13TeV .
L=139M Vo=13Te Model Ly Jetst ET Lo Limit Reference
Model Channel’ Strategy* Limit Reference T T
T T T T T T T .| ADD Gk +8/q Oepy Yes 139 | Mg 2TVl n-2 2102.10874
Buk RS (kr. = 35, Ag = 3TeV) R — WW, ZZ - wqq, {vqq, (lqq resolved, boosted 0.3-3.2 TeV. Eur. Phys. J. G 80 (2020) 1165 §  ADD non-resonant yy 2y - - 36.7 | Ms 8.6 TeV n=3HLZNLO 1707.04147
€ ADDQBH - 2] - 139 | M 1910.08447
Buk RS (kxr. = 35, Ag = 3TeV) R~ WW - evy resolved 0.2-1.0 TeV ATLAS-CONF-2022.066 3 ADD BH multjet - >3] - 36 | Ma 1512.02586
_ - RS1 Gy = vy 2y - - 139 | Grimass 45Tev 2102.13405
o =35 Ap = - Www, 2z~ JHEP 06 (2020) 042 £ & i
gl Bulk RS (kare = 35, Az = 3TeV) R— WW,2Z = qqqq boosted l:3:3.0TeV (2020) £ BUKRS Gk » WW/ZZ multi-channel 361 | Gux mass 23TeV. y 1808.02380
B RSt (k/Mp, = 0.01) Gric = ¥y resolved 0522TeVU2426TeV I | Phys. Letl. B 822 (2021) 136651 W BulkRS gix — tt ep >1b =102 Yes 361 | @kcmass 3.8TeV i 15% 1804.10823
2 — 2UED/ RPP Ten >2b, >3] Yes  36.1 KK mass 1.8 TeV. Tier (1,1), BAM — tt) =1 1803.09678
W RSt (kMg = 0.05) G = vy resolved 0.53.9 TeV Phys. Lett. B 822 (2021) 136651
£ = SSM 2’ — (t 2ep - - 139 |2/ mass 5.1TeV 1903.06248
: RS1 (k/Mp; = 0.1) Gric =7y resolved 0.5-4.5 TeV. Phys. Lett. 8822 (2021) 136651 w SSMZ' T 27 - - 36.1 |2 mass 2.42 TeV 1709.07242
g T ” Leptophobic Z' - bb - 2b - 361 |z mass 21TeV 180500299
= - ZZ et m Eur. Phys. J. C 81 (2021) 332 s
Il CU RS (k/Mpr = 1.0) G — ZZ = b, wtt resolved g ur P i g | Lopioprobic 2/~ et Ot 210,220 Yes 139 |2/ mass 44Tev Fim = 12% 2005.05138
Buk RS (k/Myy = 1.0) Gk — WW — evuv resolved ATLAS-CONF-2022-066 8  ssMw oy Tep - Yes 139 | W’ mass 6.0 TeV 1906.05609
— i - " X ATLAS-CONF-2021-025
Buk RS (k/We; = 1.0) Gk - WW, ZZ - vvqq. (vqq. (g resolved, boosted 0.3-2.0 TeV Eur. Phys. J.C 80 (2020) 165 ‘é’, o T et S W e TLAS.CONE 2001 015
BUK RS (kT — 1.0 G > WW. 27 — boosted JHEP 06 (2020) 042 T HVT W — WZ model B 02ey  2j/1J Yes 139 [Wrmass 43TeV o =3 2004.14636
ul (k(Mpr ) KK 4999 O HVTW - WZ - (v modelC 3eu  2j(VBF) Yes 139 | W’ mass 340 GeV gven =1.g 2207.03925
” ” HVT Z' — WW model B ) 2j/1J  Yes 139 |2 mass 39Tev &= 2004.14636
HVT model A W — WZ — bt resolved 0.32.4 TeV arXivi2207.03925 LRSM Wy s e 2 ' o Pl SO M) — 05ToV. g1 g To0s 12679
HVT model A W’ — WZ — waq, fvaq, tfaq resolved, boosted 0.33.9 TeV Eur. Phys. J.C 80 (2020) 1165 Ol aaaq n 2 T a0 |m BTl 7, p—
HVT model A W’ — WH — tvbb resolved, boosted 0.4-3.0 TeV. arXiv:2207.00230 —  Clitqq 2ep - 139 (A 358TeV. 2006.12946
O Cleebs 2e 1b - 139 |A 1.8TeV. g =1 2105.13847
HVT model A W' — WZ - qqqq boosted JHEP 06 (2020} 042 Cl pybs 24 1b - 139 | A 2.0 TeV g -1 2105.13847
HVT model A W' — WH - qqbb boosted 15-2.9 TeV. Phys. Rev. D 102 (2020) 112008 Cltrtt >tepy  >1b>1] Yes 361 |A 257 TeV. Gyl = 4 181102305
. . Axial-vector med. (Dirac DM) - 2j - 139 |iiied 3.8TeV 25, g=1, m(x)=10 TeV ATL-PHYS-PUB-2022-036
HVT model A Z' > WW — ery resolved 0.3-2.1TeV ATLAS-CONF-2022-065 S Pooudosodarmed OracOM) Oenry 1-4]  Yos 139 | mees ST oo Gev 103 10804
HVT model A Z' > WW - fvgq resolved, boosted 0.3-3.5TeV. Eur. Phys. J. C 80 (2020) 1165 Q  Vector med. Z'-2HDM (DiracDM) 0 e, 2b Yes 139 [maz 3.0TeV +£7=08, m(x)=100 GeV/ 2108.13391
Pseudo-scalar med. 2HDM+a_ multi-channel 139 | m, 800 GeV 1. 8,=1, m(x)=10 GeV/ ATLAS-CONF-2021-036
HVT model A 2"~ ZH - vbb, tibb resolved, boosted 0.3-2.8 TeV arXiv:2207.00230 Sl a1+ 5
calar gen 2e >2]  Yes 139 [LQmass 18 TeV B=1 2006.05872
P HVT model A 7'~ WW - qqqq boosted JHEP 06 (2020) 042 Scalar LQ 2 gen 2u >2]  Yes 139 |LQmass 1.7 TeV. -1 2006.05872
g ., Scalar LQ 3¢ gen 1T 2b  Yes 139 [LQymass 1.49 TeV/ BILQS — br) = 1 2303.01294
- ZH - |____i.5227ev] Phys. Rev. D 102 (2020) 1120 2
ol HVTmodel A Z'— 2H — qqbb boosted TR s. Rlev D 102 (2020) 112008 G ScalarLQ3? gen e 22.22b Yes 139 |LQjmass 1.24Tev 2004.14060
8 HVT model B W= WZ = o't resolved 0.8-2.6 TeV. arXiv:2207.03925 Scalar LQ 3 gen =2equ,21t21j,21b - 139 LQ; mass. 1.43 TeV 2101.11582
° , Scalar LQ 3¢ gen Oep2170-2]2b Yes 139 |LOjmass 1.26 TeV. 2101.12527
% HVT model B W’ - WZ — vvqq, tvaq, tlaq resolved, boosted Eur. Phys. J.C 80 (2020) 1165 Veclor LQmix gen multichannel =1). 21b  Yes 139 [ LGS mass 2.0Tev ATLAS-CONF-2022:052
, BLOY
(CB HVT model B W’ — WH = tvbb resolved, boosted 0.8-3.3 TeV arXiv:2207.00230 Vector LQ 3" gen 2ept 1b  Yes 139 |LOQYmass 1.96 TeV. B(LQY — br) = 1, M coupl. 2303.01294
, VLQ TT — Ze + X 2ei2u/>3e 210,21)  — 139 [Tmass 146 TeV SU(2) doublet 2210.15413
o WZo JHEP 06 (2020) 042 2
HVT model 8 WIS WE S aaqq boosted IR 20201 Lo viass - wyzbtx multi-channel 36.1 | Bmass 1.34 TeV. SU(2) doublet 1808.02343
HVT model B W' — WH - qqbb boosted 15-3.2TeV. Phys. Rev. D 102 (2020) 112008 TS VIQTesTeplTsn > Wet X 2(85)23eu>1b>1] Yes 361 |Tsamass 1.64 TeV. B(Tojs — W)= 1, o TyaWe)= 1 1807.11883
, SE viaT Azt Teu >15>3) Yes 139 [Tmass 18TeV SU(2) singlet, k7= 0.5 ATLAS-CONF-2021-040
HVT model B 21 WW — evpy resolved 0824 TeV ATLAS-CONF-2022-066 83 viay-wp feu 21b>1] Yes 361 |Ymass 1.85 TeV B(Y = W)= 1, cr(Wb)=1 1812.07843
HVT model B Z'— WW = tvgq resolved, boosted - 0339TeV| Eur. Phys. J.C 80 (2020) 1165 & ztf 8- ;‘;H H? o 2|2b'>w”1 2 v :gg DD T D] :ﬁg; :Z“:::»‘ =03 ATL"SZ';%:‘?:"Z"“‘S
v — Zt{Ht multi-channel 2 fes 7' mass el ut
HVT model B 2" = ZH — wbb, tibb resolved, boosted Xiv:2207.00230
mode (ESERE o T . Excitedquarkq’ — g - 2j - 139 [qtmes 6.7TeV only u and d', A = m(g") 1910.08447
HVT model B 7' WW - qaqq boosted JHEP 06 (2020) 042 S E Eciedquarkg’ - gy 1y 1] - 367 |a'mass 53TeV only u and d*, A — m(q") 170910440
, 8 Excited quark b — bg - b1 - 139 | b* mass 32TeV 1910.08447
HVT model B 2" — ZH - qqbb. boosted 1.5-2.7 TeV. Phys. Rev. D 102 (2020) 112008 Excited lepton 7* 27 >2j - 139 [ +*mass 46TeV A-a6Tev 2303.09444
HVT model G W WZ - et resolved 1 03033Tev arXivi2207.03925 Type Ill Seesaw 234en 2] Yes 139 |nomase 910GeV. 2202.02038
1 1 I 1 1 L L 1 LRSM Majorana v 24 2j 361 |Ngpmass 32TeV m(We) = 4.1TeV, g = gr 1809.11105
0.5 1 15 2 25 3 35 4 45 & Higgs triplet H** — W*W* 234 e (SS) various  Yes 139 H** mass 350 GeV DY production 2101.11961
£ Higgs triplet H™* — ¢¢ 234eu(SS) - - 139 [ HE= ma: 1.08 TeV DY production 2211.07505
HVT model A: gr = -0.55, g = -0.56 Excluded m ran TeV S Multicharged particles - - - 139 | muli-charged particle mass 1.59 TeV DY production, gl = 5e ATLAS-CONF-2022-034
clude ass range |Ie Magneti I I DY prod =1 12
HVT model B: gr = 0.14, gy = ~2.9 lagnetic monopoles . - 4: - 344 | monopolemass 237 TeV production, g1 = 1go, spin 1/ 1905.10130
HVT model C: gr =0, g = 1 5=13TeV 5=13 TeV
3 -1
*small-radius (large-radius) jets are used in resolved (boosted) events paitialgats full data 10 1 10 Mass scale [TeV]
fwith £ — 11 & *Only a selection of the available mass limits on new states or phenomena is shown.
Qmallradiitie flarma-radine) iate ara danntad by tha lattar i (1)
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ATLAS summary plots

Motivation for Model Generic Searches

e Beyond the Standard Model (BSM) searches in colliders follow a general recipe

New BSM

Final state

. Pick a model for some final state signature

3. Design selections on your observables to

enhance the signal over background

2. Determine relevant parameters for the model

particles

Physics
roblem: way too many models/signatures to develop independent searches for!

ATLAS Heavy Particle Searches* - 95% CL Upper Exclusion Limits ATLAS Preliminary

- o . o .- )
ATLAS Diboson Searches - 95% CL Exclusion Limits ATLAS Preliminary Status: March 2023 (£ dt = (3.6 139) o V=13 TeV
Status: March 2023 £=139fo! Vs=13TeV miss . L
) Model ty  Jetst ET™ [rdim Limit Reference
Model Channel’ Strategy* Limit Reference T T T
T T T T T T .| ADD Gk +8/q Oepy Yes 139 | Mg 2TVl n-2 2102.10874
Buk RS (kr. = 35, Ag = 3TeV) R — WW, ZZ - wqq, {vqq, (lqq resolved, boosted 0.3-3.2 TeV. Eur. Phys. J. G 80 (2020) 1165 §  ADD non-resonant yy 2y - - 36.7 | Ms 8.6 TeV n=3HLZNLO 1707.04147
€ ADDQBH - 2] - 139 | M 94TeV n=6 1910.08447
Buk RS (knre = 35, Ag = 3TeV) R~ WW - evy resolved 0.2:1.0 TeV ATLAS-CONF-2022.066 3 ADD BH multjet - >3] - 36 | Ma 955 TeV 6, My = 3TeV, rot BH 1512.02586
RS1 Gx = vy 2 - 139 | Grimass 45Tev 2102.13405
Bulk RS (krre = 35, Ar = 3TeV) R—WW,2z > JHEP 06 (2020) 042 g KK Y R
3 ulk RS (ke = 35, A = 3TeV) 4999 boosted l:3:3.0TeV (2020) £ BUKRS Gk » WW/ZZ multi-channel 361 | Gux mass 23TeV. 1808.02380
B RSt (ke = 0.01) Gric = ¥y resolved 0522TeVU2426TeV I | Phys. Letl. B 822 (2021) 136651 W BulkRS gix — tt ep >1b =102 Yes 361 | @kcmass 38TeV 180410823
= — 2UED/ RPP Tes  >2b>3) Yes 361 [KKmass 18TeV 1803.09678
2 RS1 (k/Mp; = 0.05) Grie = 7y resolved 0.5-3.9 TeV. Phys. Lett. B 822 (2021) 136651
£ = SSM 2’ — (t 2ep - - 139 |2/ mass 5.1TeV 1903.06248
Bl RSt (/M =0 G = 77 resolved 0.5-4.5 TeV. Phys. Lett. B 822 (2021) 136651 » | SSMZ' or 27 - - 361 |z'mass 2.42TeV 1700.07242
g T — G — ZZ — LT ot Eur. Phys. 4. G 81 (2021) 332 £ Leptophobic Z' - bb - 2b - 361 |z mass 21TeV 180500299
Il CU RS (k/Mpr = 1.0) KK v resolved g ur P i g | Lopioprobic 2/~ et Ot 210,220 Yes 139 |2/ mass 44Tev Fim = 12% 2005.05138
Buk RS (k/Mp; = 1.0) Gk — WW — evuv resolved [ESERC ATLAS-CONF-2022-066 a SSM W' — (v len - Yes 139 W’ mass 6.0 TeV 1906.05609
_ SSM W' - v 1T - Yes 139 | W’mass 5.0 TeV ATLAS-CONF-2021-025
Buk RS (k/Mp = 1.0) Gick — WW, ZZ — vvqq, (vqq,tlqq  resolved, boosted 0.3-2.0 TeV Eur. Phys. J.C 80 (2020) 1165 SSMW' o th S sibstd o~ 139 | wemass 24TeV ATLAS-CONF 2021-043
T — G 2004.14636
Buk RS (k /M, = 1.0) ki Lg=0 2207.03925
2004.14636
HVT model A W ° ° ° 0.5TeV. g — gr 1904.12679
HVT model A W= 21.8 TeV 1, 170800127
HVT model A TeV 2006.12046
2105.13847
HVT model A 2105.13847
VT model A —4x 1811.02305
HVT model A z -1, m(,n):Ostv ATL-PHYS-PUB-2022-036
° ° ° ° =1, m(y)=1 Ge 2102.10874
HVT model A Z . g7=0.8, m(x)=100 GeV' 2108.13391
L 5,=1, m{x)=10 GeV ATLAS-CONF-2021-036
HVT model A z
2006.05872
P HVTmodel A z/ 2006.05872
2 Q- br) =1 2303.01294
S HVT model A Qo) =1 2004.14060
B HVT model B Wi Qo)1 2101.11582
2 , Scalar LQ 3 gen Oe =17 0-3)2b Yes 139 | LOyma 1.26 TeV. BLQS — by) 2101.12527
ISB HVT model B W’ = WZ — vvqq, lvaq. llaq resolved, boosted METENET Eur. Phys. J. C 80 (2020) 1165 Vector LQ mix gen multi-channel >1], 21b  Yes 139 | LQy mass 2.0TeV B(U; - tr) M coupl ATLAS-CONF-2022-052
Sl HvT mocel B W’ — WH = tvbb resolved, boosted 0.8-3.3 TeV arXiv:2207.00230 Vector LQ 3" gen 2ept 1b  Yes 139 |LQ¥mass 1.96 TeV. B(LQY — br) = 1, ¥M coupl. 2303.01204
, VLQ TT — Ze + X 2ei2u/>3e 210,21)  — 139 [Tmass 146 TeV SU(2) doublet 2210.15413
HVT model B W' — WZ - boosted 1.3-3.6 TeV. JHEP 06 (2020) 042
mode! aaaq coste SCne Lo viass - wyzbtx multi-channel 36.1 mass 1.34 TeV. SU(2) doublet 1808.02343
HVT model B W' — WH - qqbb boosted 15-3.2TeV. Phys. Rev. D 102 (2020) 112008 TS VIQTesTeplTsn > Wet X 2(85)23eu>1b>1] Yes 361 |Tsamass 1.64 TeV. B(Toys — We)= 1, ¢T3 We)= 1 1807.11883
, S VLQ T — Ht/Zt leu 21b23] Yes 139 | Tmass 1.8 TeV SU(2) singlet, 5 ATLAS-CONF-2021-040
HVT moel B 2= WW = ey reoived (Y ATLAS-CONF 2022066 3 E, Vi Y - Wh Ten Yes 361 |Ymass 1.85 TeV. B(Y — Wh)= 1, ca(Wh)= 1 1812.07343
HVT model B 2 W tvaq resolved, boosted T Eur, Phys. J.C 80 (2020) 1165 =% viaB-Hb Oep - 139 | Bmass 20Tev SU(2) doublet, ke= 0.3 ATLAS-CONF-2021-018
VLL<' — Zr/Hr multi-chann Yes 139 |+'mass 898 GeV/ SU(2) doublet 2303.05441
HVT model B 2 ZH — wbb, tibb resolved, boosted 0.8-3.2 TeV ariv:2207.00230
T = Excitedquark g — qg - - 139 |iarmass 67 TeV only ™ and d', A = m(q") 1910.08447
HVT model B 7' WW - qaqq boosted JHEP 06 (2020) 042 S E Eciedquarkg’ - gy 1y - 367 |a'mass 53TeV only u” and d*, A — m(q") 170910440
, 8 Excited quark b — bg - - 139 |b* mass 32TeV 1910.08447
HVT model B 2" ZH - qqbb boosted 1.52.7 TeV Phys. Rev. D 102 (2020) 112008 Excited lépton 7 ot - 180  |mE STV Aa6Tev 230500444
HVT model G W WZ - et resolved 1 0303 TV . ) ) ) ) ) ) arXivi2207.03925 Type Ill Seesaw 234e  >2]  Yes 139 | N0mass 910 GeV. 2202.02039
LRSM Majorana v 24 2] - 361 |Ngpmass 32TeV m(We) = 4.17TeV, g1 = gr 1808.11105
0.5 1 15 2 25 3 35 4 45 & Higgs triplet H** — W*W* 234 e (SS) various  Yes 139 H** mass 350 GeV DY production 2101.11961
£ Higgs triplet H™* — ¢¢ 234eu(SS) - - 139 [ HE= ma: 1.08 TeV DY production 2211.07505
HVT model A: gr = —0.55, gn = —0.56 Excluded mass range [TeV] S Multi-charged particles - - - 139 | multi-charged particle mass. 1.59 TeV. DY production. |g| = 5e. ATLAS-CONF-2022-034
HVT model B: gr = 0.14, gy = ~2.9 Magnetic monopoles - - - 344 | monopolemass 237TeV DY production, [g] = 1go, spin 1/2 190510130
HVT model C: gr =0, g = 1 JE;_ 1|3th:V V=13 TeV —~ L oL
*small-radius (large-radius) jets are used in resolved (boosted) events partial data full data 10 Mass scale [TeV]
fwith £ — 11 & *Only a selection of the available mass limits on new states or phenomena is shown.
Qmallradiitie flarma-radine) iate ara danntad by tha lattar i (1)
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arXiv:2112.03769

Anomaly Detection (1)

* Machine learning-based anomaly detection (AD) can be used to train models to
detect anomalous features in a dataset inconsistent w/ a background-only model

e @B

> ’ () .
>y alin< - Semi- Supervised

>y >uip 3 supervised

-
Data with outliers )

o

“Autoencoder” 5
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-
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p)]

Unsupervised
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While outliers get

reconstructed poorly

BSM model dependence
i< P

Anomaly score

abundant elements well *

Learn to reconstruct
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Anomaly Detection (2)

* Machine learning-based anomaly detection (AD) can be used to train models to
detect anomalous features in a dataset inconsistent w/ a background-only model

Semi-Supervised
Detect outliers by relying

on some signal priors

Weakly-Supervised
Detect outliers with a combination
of labeled and unlabeled data

Unsupervised
Detect outliers by

training directly on data

Gabriel Matos, Columbia University
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Anomaly Detection in ATLAS

e So far, all AD results in ATLAS have been searches for new resonances on a 2-
body invariant mass spectrum, so called “bump hunts”

M2, = (B, + Ey)* — (B + B, 3 . :
e - Semi Supervised
@ 3 supervised

-
)
Q.
)
Bump O
O
Background _8
(E.g. dijet function) &
/\ Signal =

0 v Semi-visible jets

Selection on anomaly score M
aims to enhance signal res

BSM model dependence

* We'll compare & contrast how these searches tackled key questions in collider-
based AD, including input modeling, level of supervision, and result reporting
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Anomaly Detection in ATLAS

e So far, all AD results in ATLAS have been searches for new resonances on a 2-
body invariant mass spectrum, so called “bump hunts”

M2, = (B, + Ey)* — (B + B, 3 . :
e - Semi Supervised
@ 3 supervised
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BSM model dependence

* We'll compare & contrast how these searches tackled key questions in collider-
based AD, including input modeling, level of supervision, and result reporting
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Anomalous Jet Substructure in Y—XH

e The Higgs boson coupling to mass motivates the search of new TeV scale particles
produced in association with a Higgs

e Hadronic final states in these searches often lead to jets that have substructure due
to the boosting of the daughter particles (reconstructed as large-R jets)

e Y—XH is a fully hadronic search for a new resonance Y (~TeV) decaying into a SM
Higgs and a new particle X (~100s GeV) displaying anomalous jet substructure

Small-R jet (R=0.4) Large-R jet (R=1.0)

l~<
SH

:  Substructure
—_—-——m
b Boost of daughter X

e Two-prong X—¢gg assumption used for exclusion result, signal grid production, & to
define model-dependent benchmark = anomaly & exclusion regions



Anomalous Jet Substructure in Y—XH

e The Higgs boson coupling to mass motivates the search of new TeV scale particles
produced in association with a Higgs

e Hadronic final states in these searches often lead to jets that have substructure due
to the boosting of the daughter particles (reconstructed as large-R jets)

e Y—XH is a fully hadronic search for a new resonance Y (~TeV) decaying into a SM
Higgs and a new particle X (~100s GeV) displaying anomalous jet substructure

@ Small-R jet (R=0.4) Large-R jet (R=1.0)
Two-prong ]
. .

Wﬁ @ Three-prong f
X

Something else \
Substructure

<\ : .
_—
b Boost of daughter X

e Two-prong X—¢gg assumption used for exclusion result, signal grid production, & to
define model-dependent benchmark = anomaly & exclusion regions



Challenge: Autoencoder for Jet Substructure

e |dea: we can model jets by their constituent 4-vectors and feed them to an AE
e Vast abundance of “featureless” QCD lets one train over data = unsupervised

e Jets with substructure get flagged with a high anomaly score

Input Output
Data/QCD
Train Low reco error
X y
Signal
High reco error

= anomalous

e Challenge: # of constituents varies per jet & AE requires a fixed length input

* Need a way to accommodate variable number of inputs

Gabriel Matos, Columbia University AD4HEP 2025 Workshop - June 16, 2025
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Variational Recurrent Neural Network

* We can solve this problem with a recurrent neural network (RNN)

e Variational RNN: recurrent architecture that updates a variational AE latent space
at each time step; accommodates variable-length input sequences

e Detfine anomaly score (AS) per jet as a function of the KL divergence loss term

:. ............................ ... ......................... . LOSS
: It : 2

ATEHE TP s LR 8 2O =10 =xO]" + 4Dk, (2] |2)

= : h(t-1) . 2 h(t-1) = E / &
............................ .\4— Mean—squared Kullback-
VAE o ¢ . .

reconstruction Leibler
: : (o
- L] | error Divergence

IE Anomaly score

h(t-1)

AS=1-ePr

VRNN Cell

Gabriel Matos, Columbia University AD4HEP 2025 Workshop - June 16, 2025


https://arxiv.org/abs/2105.09274

VRNN Jet Tagging in Y—XH

e Train over full ATLAS Run 2 dataset of large-R jets with p;> 1.2 TeV
e Up to 20 constituents ordered by k; splitting & D,, 73,, Split;,, Splitys
e Evaluate over four substructure hypotheses to assess model independence
e 2-prong, 3-prong, heavy flavor (bb), and dark jets (Pythia Hidden Valley)
e Employ AS > 0.5 SR definition for sensitivity to a broad range of signatures
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arXiv:2306.03637

Results & Outlook

e Scan My, My parameter space & quote most significant excess w.r.t. the expected
background via the BumpHunter (BH) algorithm since no signal assumption

e Compare with X—=gg model-dependent region to assess sensitivity breadth

e AS selection competitive on two-prong signals & x10 better for dark jets
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First fully unsupervised result in ATLAS!



https://arxiv.org/abs/2306.03637

Semi-Visible Jets Search

e Semi-visible jets (SVJs) arise from Hidden Valley models describing a dark sector
that is strongly interacting, allowing for dark matter (DM) particles to hadronize

* These lead to complex signatures in which invisible dark hadrons partially
decay back to visible SM particles and produce jets that are semi-visible

e Subtle shower differences between dark and SM QCD motivates the use of low-
level track variables to spot key differences between signal and bkg. correlations

e Like Y=XH, define model-dependent exclusion region for limits and model-
independent anomaly region for generalizability beyond SVJs

y dark quark

A A

background background

Resonant production in m

B # dark hadrons

Heavy Z" mediator =
# total hadrons

F ny

L 12 L 12
2 miss > -miss
my = [ET,JJ + E7 ] - [pT,JJ + Pr ]



Challenge: Permutation Invariance

* One pitfall of the VRNN approach is that the ordering of constituents matters

* Collider data is best described as a set of objects (e.g. particle tracks, calo
clusters, etc.) that are not only variable in length but also permutation invariant

* Atrtificial manipulations such as zero-padding or imposing an ordering scheme
can impact our ability to fully exploit low-level information from our detectors

* Challenge: employ AD on low-level objects conserving permutation invariance

e We can use a supervised classifier to create a smart embedding that is fixed-
length, permutation invariant, and can be fed to an AE/VAE for AD

Supervised,

permutation invariant Unsupervised
AE/VAE Semi- cod
Low-level inputs embedding / — emi-supervise

M M AD!

Fixed-length
output
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arXiv:1703.06114

Particle Flow Network

* One way to achieve this embedding is with a Particle Flow Network (PFN)
 The PFN is a supervised classifier based on the Deep Sets framework

e The network takes in an arbitrary number of particle features that are encoded
into a latent space, per-particle representation by a set of learned functions @,

* These per-particle representations are combined into event level observables
O, that are inherently permutation invariant by summing over input particles

Particles Observable Embedding network Classifier network
Per—Particle Representation Event Representation O Q 4 - Q ‘ O ' O
[ 3 6] ’ 7 QW)
| ’_Em? Latent Space | { Y O Q Q O 1 X 771 WA O y })
| § § Z O ®, -~
/ QLI "z E‘j{ O (I)g i \ ' \" \
3 g = h‘< ¢O O O (N 'OFS !
|V. RN ;@.gz_, 7'< A O<1>4 (A ;
— — i o/ ’ ol | - 5 1Y
=0 s =] \ zo%o ‘_‘O 8$6 NOFg !
| I'I::E | \ PID O : ‘  ( | O &7 ) =
/ —leh OF | \"/ ‘*f:;';“” Ods ")/ \\"/ Supervised
N | 58 ale b '
E """""""" rt lFl """ Nk O O O PFN score
nergy/Particle Flow Networ 100 100 100 100 100

O,= Z O ,(vi» #;> 2, PID;)

e Classifier F used to define model-dependent, supervised exclusion region
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arXiv:2408.17409

Anomaly Detection on Particle Flow Latent Space

e The fixed-length PFN embedding 0, is derived by training the supervised
classitfier to distinguish SVJs from QCD jets = smart embedding with SVJ prior

* We pass data through this embedding and use it to train a unsupervised VAE &
define a novel architecture ANTELOPE performing AD on the PFN’s latent space

(o ——{)—(")

AV O

Otvav; Dvav; Sivay/ Diygys O
VaN 0a8

r"‘ "‘ "‘

X\O

A\ ‘

\VAY

Anomaly score (AS)

determined from VAE loss

< = MSE + KLD

—1
AS = (1 + e—logm<5f>>

Supervised N Unsupervised _ Semi-supervised
prior VAE B AD

e Allows performing AD in low-level detector objects in a permutation invariant way
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ANTELOPE in SVJ Search

* PFN and ANTELOPE trained over the 80 hardest ghost-associated track 4-vectors
(pr-n, @, E) and impact parameters (d,, z, ) in the two leading jets of the event

e PFN is trained on QCD MC & SVJ signals, ANTELOPE only on data

* Tested over signatures high in MET & displacement to assess model independence

e ANTELOPE score > 0.7 used
to define anomaly region

* Provides sensitivity beyond SVJs

» Emerging jets (EJs)
» Gluino production — R-hadron + LSP

High MET, high displacement signatures
— high ANTELOPE score
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Results & Outlook

arXiv:2505.01634

e Perform fit over my spectrum in anomaly region and quote p-value

e Use as background template for BH and quote largest deviation

e Compare with model-dependent PFN region to assess model independence

e Broader sensitivity & order of magnitude better for EJs, Gluino R-hadron
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First semi-supervised result in ATLAS!
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Compare & Contrast

Variable length inputs &

Variable-length inputs . .
Cha"enge ! gth Inpu permutation invariance

Particle tracks

I Jet tit t
Input modeling St constituents (after PFN embedding)

Architecture VRNN
Trained on Data
Background estimate DNN reweighing

Result BH p-value

Supervision Unsupervised

Areas of improvement? VRNN requires ordering ANTELOPE relies on signal prior*

*Maybe an advantage instead of disadvantage
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What Does the Future Hold?

arXiv:1706.03762

uuuuuu

e Sophisticated networks

arXiv:2111.12849
e Adapting graphs, transformers, @ _____ #
normalizing flows for less-than- @

o o . (PP —P) .- 9/// —h)
supervised applications :{ o2

P
4

e See tomorrow’s session

e Trigger-level AD on FPGAs R o
o AXOL1TL & CICADA on the CMS side
e Similar efforts ongoing in ATLAS L1+HLT

e Can all have significant impact on future AD analysis results
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https://indico.nevis.columbia.edu/event/9/timetable/?view=standard#13-cms-axol1tl-trigger
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https://arxiv.org/pdf/2111.12849
https://arxiv.org/abs/1706.03762

Thank youl!
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Overview: Autoencoder (AE)

Features compressed

Input : Output
into latent space vector z
\ S - _ =7
\\ T~ =7/ I\ /
/ \ \\ // / \
\\ / \ // . ~ - , \\ / \ //
Input V! W, N \ 7 . ,
/ \ \ / / \ Reco’dy
features X ) ( 4 ) ) {
\ / / \ \ /
/ \ 7/ \ / \ / \
\ / \ [\
/ \ / \ / - \ / \ / \
F / N SO |/ \ /
/ \enl= ~_ \[ | \
/ _ - ~ - \
|~ ~<_\
_ J _ J
Y Y
Encoder Decoder

Loss = Reconstruction Error
2
Z=|x-Yy]|
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Overview: Variational AE (VAE)

Features compressed

Input into Gaussian latent space Output
S~ distribution z = y + €o -
\\ TR~ _——1N //
/ \ W - / \
\\ / \ // . ~ - , \\ / \ //
Input V! \ N \ 7 .
/ \ \ / / \
features X ) ( < ) ) (
\ / / \ \ /
/ \ / \ / \ / \
\ / \ I\
N A B Ve S NV
/ - ™~ - \
|- ~<_\
- J - J
Y Y
Encoder Decoder
Loss = Reconstrgctlon Error e ~ A(0,1) used for
L =|x—-y| "+ ADy sampling latent space

Reco’dy
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LHC Olympics Dataset

* Both the VRNN and ANTELOPE were developed with the LHC Olympics dataset
* The dataset consists of 3 R&D and 3 black box samples

e Each event described as set of up to 700 (massless) particle 4-vectors (py, 31, )
* R&D: QCD multijet, 2-prong, and 3-prong
e Black boxes: 2-prong QCD multijet Resonance—Dijet/Trijet

(No signal)
R&D Signal Black Box 1 Black Box 3
q q g
my =100 GeV q mx=732 GeV 4 g
Y X mx=4.2 TeV ™,
: q q y

my=2.2 TeV

mz = 3.5 TeV mz=3.8TeV
X

' my=378 GeV
myx =500 GeV q
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https://lhco2020.github.io/homepage/

VRNN in the LHC Olympics

e |HCO events reco’d into two large-radius (R=1.0) jets with leading p, > 1.2 TeV

* VRNN trained on QCD-only to derive anomaly score

e Performance assessed on two & three-pronged samples

2-Prong: Leading Jet Anomaly Score After Transformation Before Selection

B Background

After Selection

41 Signal
I'> 2-Prong Contaminated: Dijet Mass 2-Prong Contaminated: Dijet Mass, EventScore > 0.65
10°
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|
I 3
" 10 " 102
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c c
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w 102 w
10!
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VRNN Preprocessing: Alignment

e Alignment procedure done to remove mass and p; information from input jets to
avoid tagging on kinematics alone

Algorithm 1: Jet Alignment

Start
Boost jet in z direction until 177, = 0

® P ro Ce d u re : Rotate jet about z axis until ¢, =0

Rescale jet four-vector such that m ., =0.25 GeV
Boost jet along its axis until E;. =1 GeV

1. Rescale each jet to the same mass Rotme ot bt xi ol b comsiuent as 7 =0, > 0

Remove all constituents with AR > 1

Rebuild jet with remaining constituents
Repeat from start

2. Boost each jet to the same energy

else
| continue

end

3. Rotate eaCh jet to the Same ;7/¢ Orientation if Number of constituents > 20 then

Keep up-to the first 20 constituents, ordered in pr
Rebuild jet with remaining constituents
Repeat from start

else

e Result: anomaly score far less correlated with " coniue

end

m a S S i n b a C k g r O u n d j et S Reflect constituents about ¢ axis such that the second hardest constituent has 77, > 0

V\_{ith Alignment

No __Alignment

10¢
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(] (] ‘.
O 1000 - 102 O 1000 -
[7] wn
w wn
g 800 A g 800
- e
2, . 2,
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S - 101 S
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Q Q
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- L}
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VRNN Preprocessing: Ordering

* Selecting an appropriate ordering scheme in recurrent neural networks can
highlight important sequence features & boost performance

e Select k; -distance ordering to highlight substructure: nth constituent has highest
k -distance relative to previous, starting with highest p; constituent

c, = max(pT’n X ARn’n_l)

e Result: better sep. of two-prong signal from QCD background than p; sorting

pT-sorted ki-sorted

Background 10 Background
Signal Signal

- — v

~N o [=2]

L L
(=)

(-
(=]
1

Normalized Events
Normalized Events

o N 4 (=] @«
1 1 1 !

0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
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ANTELOPE in the LHC Olympics

* We use the two-prong and QCD LHCO events to create the PFN embedding and
then an orthogonal slice of QCD to train ANTELOPE

102_

Normalized Entries

10—1_

PFN sensitivity still

best for 2/3-prong

27
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Y—XH: Exclusion Region Results

e Exclusion region optimized to select X—=qg events using D, energy correlator
e Perform fits across My spectrum in optimized bins of My

e Limits are derived on the production cross-section of Y=XH—ggbb
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Y—=XH: 2D BumpHunter Results

e Global significance of 1.436 when accounting for look-elsewhere effect

ATLAS

Vs =13 TeV, 139 fb~1 Anomaly SR

6000

My [GeV]
p-value

5000

4000
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2000
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SVJ: Analysis Strategy (1)

e Subtle shower differences between dark and SM QCD motivates the use of low-
level track variables in the selection of SVJs and two different ML strategies

e Exclusion region: Particle Flow Network (PFN) —

e Uses a functional form fit of m to define the background shape & set limits
on signal cross section for SVJ signal model by leveraging track-level inputs

e Anomaly detection region: ANTELOPE —

e Uses the functional form fit of m; to define the background shape & perform
a bump hunt for any excesses (no SVJ model input)
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SVJ: Analysis Strategy (2)

VR

PFN Score < 0.6
OR

ANTELOPE Score < 0.7
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SVJ: Exclusion Region Results

e Exclusion region defined from supervised classifier score of the PFN
* SR defined from PFN score > 0.6 with W, > 0.05 selection

* Limits set on the SVJ production cross-section at 95% CL
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