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N~Classical approach to BSM searches

BSM scenario event selection background estimation

BG/signal estimation (MC sim)

q Signal Region | > 2-jet
- Z[y+iets 323+ 26+ 6.9
P N : Effmss > 130 W+ijets 264+ 40+ 6.7
g - >fz(l) Leading jet PT > 130 t1+ single top 34+ 1.6+ 1.6
. Second jet pr > 40 QCD multi-jet | 0.22 +0.06 + 0.24
q o NN = X3 Ag(jet, P i | > 0.4 SM total | 624+ 44+ 93
P E%’iss [ Mefr > (0.3 (mymy)=(1,0.0Tev[ 2972 + 5.1 b
q Mot > 1000 Data 58

slide content borrowed from K. Sakurai
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A~Classical approach to BSM searches

BSM scenario event selection background estimation
BG/signal estimation (MC sim)
q Signal Region | > 2-jet
- Z[y+iets 323+ 26+ 6.9
P . : Er™ > 130 W +iets 264+ 40+ 6.7
g - >fz(l) Leading jet pr > 130 i+ singletop | 3.4+ 1.6+ 1.6
. Second jet pr > 40 QCD multi-jet | 0.22 +0.06 + 0.24
q o X = X1 Ag(jet, ﬁTmi *min | > 0.4 SM total | 624+ 44+ 93 }
P E%’iss [ Mg > (0.3 (mymy)=(1,0.0TeV| 292 + 5.1 D
q Mot > 1000 Data 58

statistical
consistency

specific to BSM scenario simulation dependent

Rafat Masetek
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RiiAnomaly searches in HEP

Overdensity (Bump Hunting)

Events Events

] Background (smooth)
--- Background fit

] Signal (localized)

;

Sideband Sideband

Signa( Region

Out-of-Distribution (OOD) Anomaly Search

] Background (in-distribution)
Signa( (anomalous)

Rare background in tail

Threshold Athr \

I

S T T ek

L8 \

Background is estimated from the sidebands
and interpolated (fit) into the signal region.

(right) < s

Rafat Masetek
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|
Background Region Ly : Signal Region
(-A < 'Athr) : ('A > Athr)

Events with anomaly score A
greater than the threshold are

considered anomalous.




K‘_.éAnomaly searches in HEP

Out-of-Distribution (OOD) Anomaly Search

Events D Background (in-distribution)

[ 4] Signal (anomalous)
Rare background in tail

~

$¢ Construct anomaly score A

Threshold A,

5% Background events have small A

%% Signal events have large A

5% Select a threshold: At

(A < Athr) ('A > Athr)

Events with anomaly score A
greater than the threshold are

considered anomalous.

/}% Deﬂne the S|gna| reg|0n as A> Athr > Background Region o E <« Dignal Region
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K{Anomaly searches in HEP

Out-of-Distribution (00D) Anomaly Search

HOW? i [l Background (in-distribution)

[ 4] Signal (anomalous)
Rare background in tail

~

¢ Construct anomaly score A
Threshold Athr

5% Background events have small A

%% Signal events have large A

%% Select a threshold: A

%€ Define the signal region as A> At < B“;j'i"‘fe)ﬂ‘“ ~ e gon__,
thr I thr

What abOUt baCkg rOund In Events with anomaly score A
the S|gna| reg|0n? Q greater than the threshold are

considered anomalous.
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\~ABCD matrix method

Established method for data-driven background estimation

Observable 2

Observable 1

3setek




\~ABCD matrix method

Established method for data-driven background estimation

s| N = Ny e—
control regions ;2'; ND

e

O

Observable 1

4setek




\~ABCD matrix method

Established method for data-driven background estimation

EV:"tS D Background (in-distribution)

[ Signal (anomalous)

Rare background in tail
Threshold Ay,
t \ |

round (in-distribution)
round in tail

[ Backg
[4 Signal (anomalous)

N
o
=
~
oQ

Threshold Ay,

Both anomaly scores have to be independent! S Kasiecaka, Nachman, Schwartz, Shih [200714400]

- Mikuni, Nachman, Shih [2111.06417]




K‘.-éAnomaly searches in HEP

Out-of-Distribution (OOD) Anomaly Search

HOW? i [l Background (in-distribution)

Signal (anomalous)
Rare background in tail

~

¢ Construct anomaly score A

N2 Threshold Ay,
5% Background events have small A ?

%% Signal events have large A

I

9€ Select a threshold: A ,
Y PR e
%\. 2 . . . > Background Region i Signal Region
%¢ Define the signal region as A> Ainr . By -t —
What abOUt baCkg rOund In Q Events with anomaly score A
. - greater than the threshold are
the Slgnal reglOn? considered anomalous.
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ﬁfNormalizing Flows

fl z0 fz zz 1) fz—l—l Zz
PO RS @

o - ™ —

Zy ~ po(zo) i ~ pi(zi) LK ™ PK( K)

Normalizing Flows allow to efficiently sample from complicated data
distributions.

We build a sequence of invertible parametrisable functions that transform
a multivariate Gaussian distribution to data distribution.

Rafat Mdsetek




FNormalizing Flows

fl z0 fz Zz—l) fz—l—l zz
(e ® - O @
: i N ) f‘l(z) / { C f;l<zl+1> /- JC
I |

Zg Po(zo) lj ™ pi(zi) LK ™ PK(ZK)

Once we have trained the flow, we can reverse its direction to
transform initial correlated variables into new approximately
uncorrelated ones.

Y Rafat Mdsetek :
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Overview of the method

i Latent subset N
Z 4
Anomaly score A 4
1 9
o D

AV
\ Y

4 Rafat Mdsetek Y

&

+ significance

Background estimate

/

)

@ Event features
X
¥ . ,
- )
Normalizing Flow
|
f :
> !
Z~N@©1I)
L \
ABCD plane | /&
: - Latent subset
core ApR | ZB
Low High
— 44— | Anomaly score A
<, High B . A : 4 &
o (signal region) .

o 2
R Ng Z £
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K‘sBenchmark model

sighal — RPV SUSY background — ttbar
» b e 1, q
t veyvl.uv‘c: ‘-7'
w+
. _
_ w
. t _971_17‘5_75
b VesVis Ve,

R

N m; = 1.8 TeV
Ay = A3p3 7 0 My = 1.7 TeV
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A~Preselection &16 original variables

Table 1: Data preselection cuts # | Name
# | Description 1 | log py
1 Njets > 3 2 logp%
2 Nb—jets > 1 3 longT
3 | Nipogore = 2 4 | logpy
lepton.s e 5 | log p'2
4 | opposite sign leptons 6 | log piss
5 | P > 60 GeV 7 | log Hr
6 | P2 > 30 GeV S
7| Py > 30 GeV 10 | |n?
8 | Fr > 60 GeV 11| 7"
9 | pt > 120 GeV E Z;‘(SS.\ )
12 J1y J2
10 | p7 > 120 GeV 14 | AL, 1)
S=432 S/B=05% 15| T,
L=3/ab 16 | St

B=80100 S/VB =15

Rafat Mdsetek
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Decorrelation in practice
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Decorrelation in practice
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Latent representation — semisupervised
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fﬁSignificance improvement for unsupervised training

NFs trained with signal present -- SR=96th percentile, truth-level MC
initial significance before any AD, SWB

1072 1071 109 101
12 -
10 -
trained with signal: median % 1 std
. trained background-only: median = 1 std
O
N ¢-
4 -
2 -
__no_improvement over inclusive sample _ _ _ _ _ _ —_

101! 102 103 104
signal events used in training, N{;
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K’_:'Summary & Outlook

$€ Out-of-distribution anomaly detection methods are challenging:
¢ How to construct a good anomaly score?
¢ How to estimate the background in the SR?

5¢ We propose combining NFs with the ABCD matrix method:
3¢ NF creates a new data representation with uncorrelated features

5% Anomaly scores are approximately uncorrelated
%% The method works for semi-supervised training (NF trained on background-only data)

¢ For fully unsupervised training, the sensitivity drops when signal increases - opposite behaviour to weakly-
supervised methods

5€ Next steps include:
$€ Understanding the effect of signal leakage to CRs
%€ Validating method on other benchmarks

$¢ Developing method for fully unsupervised training

Rafat Mdsetek
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\~Extended ABCD matrix method

Established method for data-driven background estimation

EV:nfS = Background (in-distribution)
[ Signal (anomalous)

Rare background in tail
Threshold A, N

round (in-distribution)
round in tail

D Backg
[4 Signal (anomalous)

( A7Dke Arbke kag kag ) :

[] Rare backg

G

2
=
()e)

|

Threshold Ay,

A7bke A7bke kag ( kag ) ’

w

Both anomaly scores have to be independent!
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K’_&Training strategy

5% The dataset consists of ~3M events.

Training and Validation Loss for NF decorrelator

5% We randomly split the data 50-25-25 (train-val- oo
test)

5% We train a normalising flow on background-only

data 222.5-

5% We randomly split the latent variables into two

subsets and construct anomaly scores A and B

3 We evaluate on background + BSM signa e s e et R

3% We repeat for 5x5 times

Rafat Mdsetek




\~Anomaly score

anomaly scores

l 1
— 2 :
Dy = N Z % «—latent variables
A ZiEA /
1
Ap=— Zi2 =
NB z,€B -

N

] & 2
o =— Y 72=—"1og NO,]) — loe(2x
NZ} g N(0,1) — log(27)

XZ

Vij (i~ NOD) A (5L 5) = lup ~ NN A (4 L )
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