Exploiting the discovery
potential of the LHC data using
the Data Directed Paradigm

Shikma Bressler
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Most searches conducted following the blind
analysis paradigm

* Signal region selection motivated by

* Theoretical considerations —
highly motivated models are the first to be tested

* Final states (di-X resonance searches)
* Topologies
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Most searches conducted following the blind
analysis paradigm

* Advantage

* Smaller chance for biassing the results
* Best sensitivity for pre-defined signals

* Disadvantages

* Thousands of person years are spent studying region of the data that turn out to have
nothing interesting in them

e Large portion of the data is not fully exploited
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Example | - Resonances

arXiv:1907.06659
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Mostly inclusive searches — so the data should be exploited far beyond what is seen in this table
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* LU and LFC in the SM give rise to symmetry between e’s, u’s and 7's
* Up to Yukawainteractions and phase space effect
* The discovery of an e/u asymmetry == New physics
* Strong motivation to search for such asymmetries
* |n practice, most of the data is not yet explored
Pt o . o Object multiplicity Decays Topologies
Tested symmetry inclusive _j bi 4 K 7 W VBF
Table is a WIP
e/ [31-34]
LU - U(3) ee/pp OS [24] 29,30

ee/pp SS

. 9 ep/pe OS 27,28] [27,28]
LFC-UQ) e/ pe SS
etu= /e ut (35] 135]
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Example Il = LU and LFC

* LU and LFC in the SM give rise to symmetry between e’s, u’s and 7's
* Up to Yukawainteractions and phase space effect

* The discovery of an e/u asymmetry == New physics
* Strong motivation to search for such asymmetries ez LA clanas i ATTLAG

* |n practice, most of the data is not yet exployy

Ry measurements _
Object mudltiplicity Decays Topologies
T ] o) v K Z W .. | VBF tt

Tested symmetry inclusive

Table is a WIP

€/ 1
LU - U(3) ee/pp OS [24T/

ee/pp SS

oy 3 ep/pe OS [27,2?§T 12728]
LFC-UQ) e/ pe SS
et Je 135] 135]
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Searches based on the data

Event-based anomaly detection
* Autoencoders etc.

e Semi-supervised approaches

Generic data/mc comparison

The data directed paradigm

* |dentify a property of the SM and look for regions exhibiting significant deviation from this
property
No MC is needed.
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The Data Directed Paradigm

* Our proposal relies solely on the data
* Not limited by MC

* Based on two key ingredients

* Atheoretically well-established property of the SM based on which deviations from the SM
predictions can be searched for

* An efficient tool that allows rapid scanning of many final states in search for such a deviation

 Complementary to ML-based method developed to enhance the
Signal/Background ratio

. P 1
. Object multiplicity cays Topologies
e o T = ea e Tested symmetry ‘ inclusive .o Jec b;“”ﬁjll’ 1‘;{.‘ / Dec 1\\\‘- VB(})})() ()5],1(5
T N e Table isa WIP
G o 9 | o o P 0 o o P 2 P ©f g [.;1—31]
sl | s 5 o | oo |5 & o LU - U(3) ee/pup OS (24] 29,30|
1 [7517]“] s o o s o o o P P ”1/““ SS
Z : e/ pe OS 27,2 27,2
: LFC - U(1)? (‘[I/[l(.(s‘): (27,28] [27,28]
’ eju/pe S
4 CP | etp=/Jept || [35] | [35] ‘
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The Data Directed Paradigm

* Our proposal relies solely on the data
* Not limited by MC

* Based on two key ingredients

* Atheoretically well-established property of the SM based on which deviations from the SM
predictions can be searched for

* An efficient tool that allows rapid scanning of many final states in search for such a deviation

 Complementary to ML-based method developed to enhance the
Signal/Background ratio
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Example | - resonances

S. Volkovitch, F. DeVito Halevi, SB [2107.11573]

The SM property:

* In absence of resonances—
most invariant mass distributions are smoothly falling

The tool:
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* An NN that maps invariant mass distributions to significances (q0)

Observed vs. Bins

Cbserved

200

Bins
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Example Il - symmetries

M. Birman, B. Nachman, R. Sebbah, G. Sela, O. Turetz, SB [2203.07529]

* The SM property:
* Any exact or approximate symmetry of the SM: e/u, CP, forward backward, ...

* Tools I and Il:
* Symmetries allows splitting the data into two mutually exclusive datasets
e Under the symmetry assumption — they originate from the same underline distributions

1) N, test statistics that identifies rapidly asymmetries
between two datasets — Iy
in this case the datasets are projected to histograms Ny (B,A) Z Bi—A;

2) Cwola-like weakly supervised training of a classifier VM i—1 VAi+Bi
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Al S2Al

Anomaly Detection Workshop

AN
S

WEIZMANN

m
ﬂl‘“‘u‘“

OF SCIENCE

Example Il - symmetries

* An “ideal” analysis
e Backgroundshapeis perfectly known
* Signal shape and resolution are perfectly know Z

* 0 uncertainties
» Sensitivity calculate with profile likelihood test statistics

Il
<

* Analysis relaying on symmetry considerations

* Data is split into two mutually exclusive sample —
one serves as a background estimate to the other

* Background model from the data based on symmetry assumption Z
» Systematic uncertainty due to available statistics in the “other” sample

 Signal shape and resolution are perfectly know

» Sensitivity calculate with profile likelihood test statistics

Il
)
o~

N
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Example Il — symmetries — tool |

The N, calculation is rapid

e Can scan with no time as many matrices as one want

e Can scan sub-matrices
. 5 - 1.09 r . & v v v oo o g g eoemp
* Sensitivity is restored fast — Vag' Lot
e S Al2 . o
4 9o 0.89 |e .
4 Ny (flat) L ° J
R et ARt . © > .
g .:. v..‘ XX ITD No- (hlfv) ) O 6 i Y °
S 3 ¥ + +lo Z |
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Example Il — symmetries — tool Il

* First attempt to identify asymmetries using ML techniques
* Demonstrate the potential of such methods but, so far, does not perform as good as

the N, test
injected gj5! signif.
0.1 051 2 5 10 20 50
L1 ] : : : ’ : ' ! '
— V4o 0.85 sym
47 - Vag? 0.80] — asym
4= 6x6
: +  NS*S (flat) ©0.75]
234 o NEX6 (hIfv) S
o 1o . % 0.70}
bk g =
3 7 - +20 ¥ H Z 0.65}
© s ° <
()] z+
. [ ) [{°]
£ g = 0.60}
1 7 /’+,’ . N
/,r’ L 0.55
al 0.50} — ]
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Signal Fraction
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Tool Il - Symmetrized NPLM

* Learning New Physics from Machine (NPLM) RT. D’Agnolo, A. Wulzer [1806.02350]

* For a dataset A and a reference dataset B much larger than A
* Train a classifier with minus log likelihood ratio as loss function

e Weakly-supervised
* Minimize the loss = Maximizing the likelihood ratio — optimized test statistics

* Loss pdf under background only data approaCheS)(%dof

* Ngor determined by the number of free parameters in the model — number of free
parameters in the NN

* NN machinery is exploited for optimal fitting procedure
* Flexible set of functions
e Efficient minimization procedure
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Symmetrized NPLM

Original NPLM R.T. D’Agnolo, A. Wulzer [1806.02350]
N
* The NULL hypothesis: Ho : na (z|Hoy) = MAnB (z,v)
* The alternative hypothesis: 7, - na (z|H1) = %ef(maﬂ)nB(xjy)
B
* The test statistics: _ maxy,, (£ (%”A)))
h= e ( masx, (£ (Ho|A))
L . e~ Na(#)
* The extended likelihood function: L (H|A) = — H na(z|H)
n is the number density function Nal' ;ca
* Then t =2 ( Na (Ho) — Na (H1) +1 a(@l7)
( A (o) = Na (#t) +log | T 7 00 )
 Parametrize fa(z|H1) = e/ @i (z|Ho)

16

To obtain t=2 (—/ (ef(“'”) — 1) fua (x| Ho)dz + Zf(-%‘))

TC€A
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Symmetrized NPLM

Original NPLM R.T. D’Agnolo, A. Wulzer [1806.02350]

* For B much larger than A the integral on the number ¢ — ¢, (A) = —2 (NA (Ho) Z ( 1) - Zf(m))

density function can be replaced with a summation zEA
* The goal is to find a parametrization to f that minimizes t

* A useful parametrization of f is obtained via the output of a NN

* Highly expressive, continuous and smooth Nuou
* Fora fully connected NN with N, neurons f(x) = bout + E Wo 0 (Wo T + by)
a=1

* The NN is trained to find the w’s and b’s that minimizes the loss
 When applied to the test statistics — obtained it’s score

* For a given background only pdf — gives also the significance
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Symmetrized NPLM

Original NPLM - challenges SB, I. Savoray, Y. Zurgil [2401.09530]
* Bis not necessarily larger than A —in searches for symmetry breaking this is by far not the case

* The asymptotic X721dof is not respected for other A/B ratios

* Dueto mis-modelingof the NULL hypothesis which ignores statistical uncertainty in B

* Thereis a need to constrain the weights of the NN to obtain the )(,%dof distribution due to
overfitting

* Points existing in A but not in B results in divergence of f
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Symmetrized NPLM

Original NPLM - challenges
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SB, I. Savoray, Y. Zurgil [2401.09530]
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Symmetrized NPLM

The symmetrized formalism SB, I. Savoray, Y. Zurgil [2401.09530]

* Treat A and B on equal footing
* The NULL hypothesis— A and B are drawn from the same pdf
* The alternative hypothesis A and B are drawn from different pdfs

* Construct likelihood test to simultaneously fit Aand B

— olog [ PaXuy (£ (H1|A,B))\ _ ), (maxu, (£(Hi|A) £ (H,|B))
=2 g( max, (£ (Ho|A,B)) ) 2 g( max, (£ (Ho|A) £ (Ho|B)) )

oy (M3 (£ (Na,pa (2) |A) £ (Np, ps (2) [B))
t=2l s ( ma“xpo (L (NA:pO (:L') |A) L (NBapo (.7,‘) |B)) )

max,, (£ (Na,pa (z) |A)))

ENg>Na — 210g ( L (Na,ps (z) |A)
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Symmetrized NPLM

The symmetrized formalism SB, I. Savoray, Y. Zurgil [2401.09530]
* Parametrize: _ Na e
na (z) T (@) € R (x)
HQ : N
B eh(m)+rnR (:C) :

A P

~

Na
na(e) = fnR~(a:) dzr

Ng
"0 fan ()

e’ @ng ()
Hl .

g(m)nR (a:) :

* h(x), f(x),g(x) obtained as output of the fit (NN) procedure

max (L (H:|A,B))
t = 2log [0
max (£ (Ho|A,B))

h(z),r
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Symmetrized NPLM

The symmetrized formalism

* The maximization of the NULL hypothesis is analytic:

—2log (max( ('H0|A,B))) =2 Z [; (NAe @ 4 Np (eﬁ(m)"": — 7

h(x),r
z€A,B NA + NB

e With h(z)=0and? =0.
* Perform to fits

ta+s (A) = —2-min
z€A,B

g(z)

Na + Np

1 ~
ta+n(B) =—2min [—— Z Ng 69‘”)—1 -I—Zg

z€A,B
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SB, I. Savoray, Y. Zurgil [2401.09530]
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Symmetrized NPLM

The symmetrized formalism
* No WC
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SB, I. Savoray, Y. Zurgil [2401.09530]
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Symmetrized NPLM

The symmetrized formalism SB, I. Savoray, Y. Zurgil [2401.09530]
* Good sensitivity for all resonant signals

* Good sensitivity for LFV Higgs decays

S,: peak in the tail S,: non resonant excess S;: peak in the bulk LFV Higgs decays
4 ‘ . - . 4 . — . 4 ’ . ‘ 4 ; ‘ —— .

N v
Y g3 g3 =
o c C ]
§ g g &
= =2t =20 c
o o o o
wn (0] (] )

e o o
g g1 g1 °
S ] g ] - bt
I n 0 3

(1] 48] o
] Qo I [TEEN %
S EO £0 o
£

2 4 6 8 10 2 4 6 8 10 2 4 6 8 10 5
injected /q injected /g injected /gy
—— NY=11x10° Nj=1.1x10° —— NY=2.19x10° N} =2.19 x 10°
—— N$=219x10° N} =219x10* ---- x%
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Symmetrized NPLM

The symmetrized formalism

* If needed, the background only pdf can also be

generated from permutations

 Works well for both scenarios

where the y? approximation
works well or not
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SB, I. Savoray, Y. Zurgil [2401.09530]
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Summary

* Thousands of person hours invested so far in search for BSM physics

Resulted in an impressive set of bounds on many BSM models
No hints for BSM physics

The data is far from being fully exploited —
New physics could easily be hidden in the already collected data

* Complementary search paradigms should be exploited

* The Data Directed Paradigm is one such possibility

* Allows scanning rapidly many differentfinal states and many different selection and mark those
that are potentially interesting

e Concept demonstrated with two different properties of the SM

* ATLAS searches are slowly ramping up

AISSAI 2024 CLERMONT-FERRAND | DDP for BSM searches | shikma.bressler@cern.ch 26
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