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ATLAS’ rich search program for new physics

| ATLAS SUSY Searches*|- 95% CL Lower Limits

ATLAS Preliminary

phenomena is shown. Many of the limits are based on
simplified models, c.f. refs. for the assumptions made.
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Vs=13TeV
Model Signature  [Lac(m™'] Mass limit Reference
0 Gak Oeyu  26jets EPS 139 185 m(T})<400 GeV' 2010.14293
monojet  1-3jets EFS 361 [ [8xDegen] 09 m@mE=5 Gev 2102.10874
2. 3-qat) Oep  26jots EPS 139 |& 23 m(E})=0GeV 2010.14203
& Forbidden 1.15-1.95 mi¥})=1000 GeV' 201014293
2, 2qgWi; leu  26jets 139 |& 22 m(})<600 GV 210101629
o ee.pup 2jets  EP™ 361 |# 12 mm«up‘(“ )=50GeV 1805.11381
B i gogwzt Oep  TAljets EPS 139 & 197 mw,l <600GeV 2008.06032
3 SSep  6jets 139 |2 115 m(z)-m(i})=200GeV 1909.08457
= 3z gt 01ep 3b Eps 798 |& 225 m(F})<200 GeV ATLAS-CONF-2018-041
SSep  6jets 139 |# 125 m(E)-m(F)=300GeV. 190908457
biby Oep 2b 139 |b 1.255 (¥})<400 GoV 210112527
b 0.68 wGsV(*\m(hX\’kaev 2101.12527
byby, by—b¥3 — ¥} Oep 6b  EMS 139 B Forbidden 0.23-1.35 Amu" x‘,‘; aae.v m(¥))=100GeV 190803122
% 2r 26 Ebs 139 |8, 013085 B o 1B
i, :,am Olep  zljet EP™ 139 |§ 125 mE)-1G ici H H
'8 er” Shais % T ———e sl hysicists at the Large Hadron Collider (LHC) in Europe have
§s 111G 121 2jestb EPS 139 |@ Forbidden 14 m(r)=800G ! h . ¢ hieh X h
' Oept 2 B w1 |3 085 m(i})=0G
3§ b wlSa dm“ o B e R o exp. ored the properties of nature at higher energies than ever
12en 146 EPS 189 | 0.067-1.18 m g 4
R S Fortddon 08 mitssoceumiymi- e Defore, and they have found something profound: nothing new.
Multiple ¢/jets ) Eps 139 0.96 m(¥})=0, wino-bu - S
e zljet  EPS 139 0205 ™ m(Ed)=5 GeV, wino-bino 1911.12606
2ep EPS 139 0.42 m(¥})=0, wino-bino 1908.08215
Mutiple ¢/jets P 139 Forbidden 1.06 mE})=70 GV, wino-bino 2004.10894, ATLAS-CONF-2021-022
= 5 2ep EPS 139 10 m(Z.7)=0.5(m(¥}}em(E}) 1908.08215
3 § 2r B qae |7 i) EENONE0E! 0.12:0.39 i N 191106660
B rin, o) 2ep Ojets £ 139 07 m(F})=0 1908.08215
e 2ljet EPS 139 0.256 mlm(E})=10 Gov 1911.12606
AR, A-hG|ZG Oep 23b  EPS 361 0.13-0.23 0.29-0.88 BR(] — hG)=1 1806.04030
dep  Ojets Ej‘,':““ 139 055 BRE] - 26)-1 2103.11684
Ocy >2largejets EF™ 139 0.450.93 BRT) — ZG)e1 ATLAS-CONF-2021-022
Direct ¥1¥; prod., long-lived ¥} Disapp. trk  1jet  EP™S 139 0.66 Pure Wino ATLAS-CONF-2021-015
g 021 Pure higgsino ATLAS-CONF-2021.015
§ Stable £ R-hadron Multiple 36.1 1902.01636.1808.04095
§ Metastable 7 R-hadron, g—qqt] Multiple 36.1 1710.04901,1808.04095
7, 1-G Displ. lep EPS 139 . 201107812
WD=o1me 201107812
3en 139 Pure Wiro 2011.10543
dep Ojets  EP™ 139 mi) 2103.11684
45 large jets 36.1 180403568
I~ Multiple 36.1 m(E{)=200 GeV, bino-ike ATLAS-CONF-2018-003
& 24 139 Forbidden m(¥)=500 GeV 2010.01015
2jets+2h 36.7 171007171
iiiy, f—qt 2ep 2b 36.1 0.4-1.45 BR(7 —be/by)>20% 1710.05544
1u ov 136 16 BR(—qu)=100%, COs6y=1 200311956
3 /RS, 10 —tbs, i —bbs 126 >6jets 139 Pure higgsino ATLAS-CONF-2021-007
1
*Only a selection of the available mass limits on new states or 107! 1 Mass scale [TeV]
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ATLAS Preliminary

Vs=13TeV
Model Signature  [£ar (™) Mass limit Reference
T
3. 3-al) Oc  26jots  EP™ 139 10 185 m(F))<400 GeV 201014203
2 monojet  1-3jets E7™ 361 4 [8x Degen] 09 m(G)miF})=5Ge 210210874
2. 3-qat) Oeu  26jets EP 139 |g m(E})=0GeV 2010.14203
H Forbidden 1.15-1.95 miF?)=1000GeV 2010.14203
B & g leu  26jets 139 |& 22 m(i})<600 GeV 210101629
2 4a(COY] ee.upt 2jets %1 |z 12 mi@)m(F})=50 GeV 180511381
B i pogwzt Oep  T-1jets 139 |& 197 i) <600GeV 2008.06032
E SSeu Bjets 139 |2 115 m(z)-m(F1)=200 GeV' 1909.08457
= o 01 ep 3b 798 |#& 225 m(?)<200 GeV ATLAS-CONF-2018-041
SSeu 6jets 139 |# 125 m(z)-m(¥}}=300 GeV 909.08457
by Oepr 2b 139 | b 1.255 m(E}}<400 GeV 2101.12527
b 0.68 10 GeV<Am(b, ¥1)<20 GeV. 2101.12527
139 5. 11)=130 GeV, m(¥)=100 GeV. 1908.03122

Perhaps we’re looking in the wrong spots or for the wrong models?

ATLAS’ rich search program for new physics

| ATLAS SUSY Searche: |- 95% CL Lower Limits

— Need to safeguard against missing new signs of physics

dep Ojets £ BR(} — 20) 2103.11684
Ocu > 2large jets ER™ BR(T, — ZG)=1 ATLAS-CONF-2021-022
Direct ¥1¥; prod., long-lived ¥} Disapp. trk  1jet  EP™S 139 ATLAS-CONF-2021-015
3g Pure higgsino ATLAS-CONF-2021.015
=g Stable g R-hadron Multiple 36.1 1902.01636,1808.04095
?§ Metastable z R-hadron, z—qgt} Multiple 36.1 1710.04901,1808.04095
5 -G Displ. lep EPs 139 2011.07812
() =0.1ns 201107812
3en 139 Pure Wino 2011.10543
dep Ojets 139 m(F})=200 GeV' 2103.11684
4-5 large jets 36.1 Large &, 1804.03568
S Multiple 36.1 m(F])=200 GeV, bino-like ATLAS-CONF-2018-003
& 7 iobb K s =4 139 Forbidden ({1500 GeV 201001015
1, fi—bs 2jets +2h 36.7 171007171
iy, ii—gl 2ep 25p 36.1 BR( —be/bu)>20% 171005544
T ov 136 BRI —qu)=100%, cos=1 200311956
TG RS, 10 y—tbs, 7 —sbbs 12en  26jets 139 Pure higgsino ATLAS.CONF-2021-007
on ofthe available mass mits on new states or 107! 1

phenomena is shown. Many of the limits are based on
Bimpifd modets. 6.1, refs. for the assumpions mace,
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Reformulating the question

“Does this event look like BSM theory XYZ?”

|

“Does this event look like the Standard Model?”

Anomaly
detection
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Reformulating the question

“Does this event look like BSM theory XYZ?”

Talk focus:
Can we correctly identity anomalous events containing long-lived
particles versus regular SM events?

Anomaly
detection
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Outline

Long-lived particles

Dataset overview

Fast pileup synthesis

Event-level classification comparison (MLP v. Transformer)
Future work
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Long-lived particles

e Visible displacement of track or vertex

e >0(10) um decay length (cT)

e DVs not saved by hardware trigger — can we find a way to determine
delineate QCD jets from BSM events using low-level information?

Stanford University



Can larger architectures model low-level data well?

® |nasingle event at the LHC:
o 0(100) vertices
o 0(1000) tracks

o 0(10000) hits
® |n recent years, more and more complex models like the transformer have

been used to model ever-more-complex high-dimensional data to incredible

success.
e Goal: moving from high-level jets to low-level tracks, can we adapt these

massive models to search for anomalous signals?

Stanford University NS ST



Datasets
Signal (LLP)

200,000 total events

pp—X3 X3

With pileup (u=60)

Two X3 rest masses: 100 & 500
GeV

Background (SM)

e 200,000 total events

® pp—2-5j(pure QCD)

e  With pileup (u=60)

Features

° Each event contains a number
of tracks parametrized by (p,,n,
¢,d,,d,).

Stanford University

Counts

Counts

102

10t E

100 F

0.16 1
0.14
0121
o010
0.08
0.06
0.04 -

0.02

Track Parameter Distributions

PT (pr> 0.5 GeV, 50 leading tracks)
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D at o sets Background Track Parameter Distributions

Delphes comes with just 1,000 pileup events to sample from,

Slgnal (LLP) leading to oversampling by a factor of ~24,000x... 100 E2 (b1 > 0.5 GeV, 50 leading tracks)
e 200,000 total events — Need way to simulate ~24 million independent pileup
. 00 events.
P p V3 A3 — Simulating pileup is computationally complex. Is there a
*  With pileup (u=60) time- and compute-efficient way to create a synthetic pileu
e  Two X3 rest masses: 100 & 500 P Y Y prieup
dataset?
GeV
We look into the use of hierarchical gaussian mixture A ]
Background (SM - oof = e
ac g ou d (S ) models (HGMMS). 1o

DZ (pr> 0.5 GeV, 50 leading tracks)
e 200,000 total events 2 : : : ——

S P
® pp—2-5j (pure QCD) 10-3} — ?f}?+pileup 1
e  With pileup (u=60) - — LLP + pileup |
F 10-°
eatures
_ Q(:D 10—7,
®  Each event contains a number 0.04¢ — ‘L?f;’ tplleup 1 1ol
of tracks parametrized by (p,,n, .02} —— LLP + pileup 10-%¢
¢,do,dz). 32 o0 1z 3 -75 ~4000 -2000 0 2000 4000
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Gaussian Mixture Model (GMM)

e To capture event-level correlations, we model
each individual event track parameter
distribution by a weighted mixture of
multivariate Gaussians parametrized by means,
covariance matrices, and weights:

N
(& {1 Tiy wiiL1) = Y wilN (& ps, B, ws),
=1

e We use a model selection heuristic Bayesian

information criterion (BIC) to choose the number
of Gaussians to model each event.

BIC = klogn — 2log L.

k is the number of model parameters, n is the
number of tracks, and L"is the maximized
likelihood using the best-fit parameters.

e Balance model complexity with overall fit.

Stanford University

Zﬁil w; = 1.

speptiiiy #
s

Example of two-component GMM
being fit to a two-dim. dataset.

Single Event

All Events

£ signal

3 signal
3 Background
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track parameters

Introducing hierarchy /

$oe1) JO Jaquinu

e After fitting each event’s track probability distribution to
Gaussian mixtures, we fit a high-complexity Gaussian
mixture to the distribution event-level track probability
distributions across all events. l

e To synthesize new pileup events, we sample from this
high-level Gaussian mixture to synthesize a new

ol . . . . . Nparam (Nparam)(Nparam =+ 1)
event-level probability distribution, which is then 2
sampled from to create a variable distribution of particle eve"tV N
tracks.
U - ravel(L) w

sjuauodwod Jo Jaquinu

/ E=LL")

sample new track distributions
from a GMM fit to all
components
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Hierarchical Gaussian Mixture Model (HGMM)

Pros Pileup synthesis using a Hierarchical GMM
. . fitting stage
® SI m p I e Id e a . track parameters MN ppppp )(I;f ppppp + lj_l'
e Relatively cheap to sample from / 7 g
compared to actual simulation and s — il — e —wl [T [ §— LGMM(cat( ))}
. . 5 13
non-parametric methods (like KDE) GMM([ )
for |:| in { @} E=LLT) ’
sampling stage
Cons sample from ‘%I — sample from GMM(ca,t.( ))} Neomponents times — ——» — ¥ = LLT

56 7
Neomponents

track parameters

® Assumes track dist’s are linear
. . Necomponents
sums of a few multivariate sempiefom | GMM( | ‘ ) | — smporom > w
Gaussians (extreme simplification) = =

N(E; l‘iazi) Nirack times —— output

—
Syoen jo Jsquinu
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[
!
J . e
CoLah ] P' I M d I Original
il 8 1\{ I eu p 0 e —— Sampled
means < » i ‘
v 1[ ® Ignore histogram scaling (synthetic is doubl
. | 75-component GMM o Blsy Y
>: p e  Covariance elements are Cholesky decomposed:
e 4 | ’W‘ o T=L"
o 16 elements — 10 elements
b o e ol I R . J\ o  Ensures positive semi-definite nature of
. = s i‘* e | have assumed ¢ is isotropic due to it being
_L 3 l J, & i lg difficult to model over 1000 events.
‘ e The point: if we believe that Gaussians model
. o ol .8 b + - - ;s o . - .
- J! event probability distributions well, we can very
R e e o N S ol B o ‘ effectively model all possible event-level track
covariance J ~ | probability distributions.
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Pileup model (cont.) =

III

e Despite explicitly modeling it, the “global” track
probability distributions are well-modeled

e However there are high-covariance “speckles” —
overfitting, covariance allowed to be too small for
some parameters.

o  Possible fix: scale all parameters to zero
mean and unit variance and such that fit
covariance matrices have the same scaling
between parameters, then clip the
covariance to |Zij |>e€

o  Possible fix: fit HGMM to more pileup S
events.

e Nonetheless, we use this HGMM to synthesize

pileup events for our signal/background datasets.

Track.Eta

Track.DZ
o
|

Track.DO

T T
N N

0900 bpog ;{)0 Qo ’{’Q 0)0
7
Track.PT Track.Eta Track.DZ Track.DO
. . e! A-h NATIONAL 15
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Before: input parameters + oversampled pileup
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Counts
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PT (pr > 0.5 GeV, 50 leading tracks)

QCD_multijet 200k

410()10(P’1“) (pr> 0.5 GeV, 50 leading tracks)
OFT T T T T T

Eta (pr > 0.5 GeV, 50 leading tracks)

— Qcp
~—— QCD + pileup
— LLP 3
—— LLP + pileup

— Qcp
~—— QCD + pileup 1
— LLP
—— LLP + pileup 1

Counts

0.0 0.1 0.2 0.3 0.4 0.5 0.6

Phi (pr > 0.5 GeV, 50 leading tracks)

-3.0 -2.5 -2.0 =15 -1.0 -0.5

DO (pr > 0.5 GeV, 50 leading tracks)

e L e L I

— qQcp
—— QCD + pileup
— LLP

Counts

—— LLP + pileup 1

1071}

10-2F

1073}

— Qcp
—— QCD + pileup
— LLP E
—— LLP + pileup

=3 -2 -1 0 1 2 3

Counts

QCD
—— QCD + pileup
— 1P 3
LLP + pileup

11}

~1000 0 1000 2000
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After: input parameters + synthetic pileup

® |ssue:

o  Clearly pileup distribution
tails aren’t well captured
(esp.d, d)

® Possible reasons:

o We are only fitting 1,000
events and ‘upscaling’ it
thousands of times over.
Running more events into

this model could improve it.

Stanford University

Counts

Counts
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QCD_multijet_200k

PT (pr > 0.5 GeV, 50 leading tracks)

— LEP
2 —— LLP + pileup
0.0 0.1 0.2 0.3 0.4 0.5 0.6 -4 -2 0 2 4

QCD
QCD + pileup
LLP

LLP + pileup

— QcD
—— QCD + pileup
2.0 — LLP

—— LLP + pileup

1log10(PT) (pr> 0.5 GeV, 50 leading tracks)
25F T : L2

Eta (pr > 0.5 GeV, 50 leading tracks)

— qQcD
—— QCD + pileup

Phi (pr > 0.5 GeV, 50 leading tracks)

B, ecllean:

— Qcp
—— QCD + pileup
— LIP

—— LLP + pileup

Counts

10°

— Qcp

—— QCD + pileup
10! = LLP

—— LLP + pileup

DO (pr > 0.5 GeV, 50 leading tracks)

10-8}

LLP + pileup
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Dataset preprocessing:

Mixed Sample 1 Mixed Sample 2

®  For each training, we apply three cuts:

{ N 4 A
©  p;>500MeV @.“@ “‘@.
Z 'I'lee<tlie 80 tracks with highest P, %%??% 5?: :g

e Events are labeled as either 1 (containing LLP) or O
(pure QCD), meaning that our classifiers are @@ @@ @
actually being trained on mixed samples (a la .@ @@@
CWoLA) of tracks. q y

o  This is what we’d actually see in the LHC,
since there’s no clear “truth” label anymore ' - ‘ 0
when working with tracks. .

Classifier

https://www.ericmetodiev.com/publication/classificationwithoutlabels/

Stanford University NS ST



Model architectures:

®  Goal: Classify an event of tracks as either containing
LLP(s) or not.
e We compare two models classifiers:
o Asimple multi-layer perceptron (MLP) with
mean reduction along tracks. £ :
o  Transformer-based model o ayerom Layertom
m  MLP encoder (same arch as above)
m  Transformer encoder
m  MLP decoder

Q00

o0

® Loss function: binary cross-entropy Tra nSformer-based
BCE(X;Y) = Xn: {¥9 1082 + (1 - y ) log(1 - o)} Input encoding Output decoding
o a Dol o .
Transformer
encoder
block
(8 heads)
Stanford University SLAC K 19



Model performance

= MLP:
€& 70.7% validation accuracy
€ 0.768 AUC

=>» Transformer:
€ 81.4% validation accuracy
€ 0.860 AUC

=> Side note:

€ \Without pileup, classifying between
both datasets is trivial (a simple p_cut

gives ~70% accuracy)

Stanford University

SIC Curve

—— Vanilla MLP
—— Transformer

00 02 04 06 08 10
€s

ROC Curve

1.0F°
0.8l

0.6

TPR

0.4r

0.2r 1
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Summary/lessons learned

e Classifying QCD v. LLP events is trivial if there’s no pileup
e Modelling pileup using multivariate GMMs is a simple idea but
nontrivial in practice.

o It’s better to just simulate the extra events for smaller
studies, but as of now simulating huge amount of pileup is
hard.

e Transformers can outperform simple MLPs in a high-dimensional
task like this.

Stanford University NS ST



Backup
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Transformer architecture

Linear
Add & Norm I
1 Cop_cat
Dropout = . .
Multi-headed attention
Encoder block I MatMul

Feed Forward T

| | Softmax
| S
Scale

1

l ) £
‘ Dropout MatMul )

‘ ! ' e fx v

[ Multi-Head Self-Attention J

A A A

Add & Norm

Split Split Split
I I I

Lx

Input Tokens

Linear Linear Linear
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CNN loss

train_loss, val_loss

0.6 L‘\A

0.5

0.4
0.3
0.2

0.1
trainer/global_step

20k 40k 60k
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Transformer loss

0.6
0.5
0.4
0.3
0.2

0.1
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train_loss, val_loss

\NY

20k

40k

trainer/global_step

60k
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