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Towards a solution
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Towards a solution

* http://cern.ch/go/zKv8

L(e) := argmax ;( Z[f]
— - MI(f, my,) )

Lagrange multiplier / (

(constraint strength) Mutual information™ — 0
— p(L, my,;,) = p(L) - p(my,,)

Constraint:
limit correlation of L : control distortion of m,,
m,, and L by event selection
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The final discriminant

L(e) := argmax ;( Z[f]
_/IMI(]C,mbb) )
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Evaluation: toy analysis, VH/bb, O-lepton channel myy,

VH - =
L bb b b
/- v, W—> v V \/
Setup:
Backgrounds: - H
e W+jets, Z+jets
o ttbar

e di-boson (ZZ, WZ)
V=W,Z
Simulation: MadGraph (LO) + Pythia8 + Delphes

Event selection: 2 or 3 jets, 2 b-tags, MET, no leptons
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Into practice

SR 1 MadGraph + Pythiag W VH, H-bb
vs =13 TeV, 140 fb~1 [ Diboson
250 - tight, 2 jet —
Bl WV + jets
200 - -I-h B Z +jets
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Into practice
L(e) = arg maxf(g’[f] — A MI(f, my,;))
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 Physical observables lose interpretation
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More information:
arXiv:1907.02098
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Cut-based analysis

Signal regions: (inspired by a published ATLAS analysis)

MET > 250 GeV
ARy, < 1.2

250 > MET > 150 GeV
AR,, < 1.8

l Optimise cuts to maximise

Asimov significance

Philipp Windischhofer

2-]et 3-jet
SR 1 SR3
My, on:
SR?2 SR 4
on: on:

[a


https://doi.org/10.1016/j.physletb.2018.09.013

“Pivotal classifier” analysis

Signal regions:

2-]et 3-jet
~ SR 1 SR3
[ “tight”

My, on:
7 oose” SR 2 SR 4

on: on:

- Cuts on L designed to achieve the same signal efficiency in
each region

Philipp Windischhofer /2



Mutual Information

f’ My}, — f’ my,},
independent linearly uncorrelated
Mutual Information Pearson correlation
MI =0 p =20
no nonlinear relationship no linear relationship
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Mutual Information

Two random variables:

X Y
Objects that characterise them:
Px(x) py(y)

Px.y)%Y) ... joint probability distribution
Mutual Information:

MI(X, Y) = Dy, (p(X,Y) [ [Py - py)

\ Kullback-Leibler divergence
“distance” between densities
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Mutual Information

Kullback-Leibler divergence:

Dy (P|]Q) = dez?(x) log <&>
g(x)

“Distance” between probability distributions p and g.

Mutual information:

MI(X, Y) = Dy, <p(X,Y) | |poY>
“Distance” between joint PDF and product of marginal PDFs.

P(X,Y)(X, y) )

MIX,Y) = |dxd ,y) 1
( ) J i yp(X’Y)(x ) log (PX(X)PY(Y)

Philipp Windischhofer
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How to compute Mutual Information?

MI can recognise arbitrary complicated
dependencies between random variables...

P(X,Y)(X, ), )

MI(X,Y) = |dxd , V) 1
( ) J X YP(X,Y)(X y) log (pX(X)py(y)

... but requires knowledge about distributions.

MI also admits a functional definition:

MIX,Y) = sup(T),x.y)— (€' ") copr)

TesF
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How to compute Mutual Information?

neural network

L(e):= arg max , (

)

Q‘Iossfunc’cion
must be differentiable w.r.t. f

MI(X, Y) = sup <<T>p(X,Y) — (e T_1>p(X)p(Y))

TesF
A adversarial neural network

Philipp Windischhofer 27



Into practice

L(e) = argmax ((P[f] = A- MI(f, my,)

350 - MadGraph + Pythiag HEE VH, H-bb MadGraph + Pythiag HEE VH, H-bb
5 SR 1 Vs =13 TeV, 140 fb~! = Diboson SR 1 Vs =13 TeV, 140 fb~! = Diboson
300 1 B W + jets Hl W+ jets
. B Z + jets 200 - B Z + jets
% 250 A %
@) @)
o o
< 200 = 150-
2 0
c =
¢ 150 o
- *'100 -
100 A
50 A
50 A
O T T 1 T T O =
40 60 80 100 120 140 160 180 200 40 60 80 100 120 140 160 180 200
Mpp [GeV] Mpp [GeV]

A=0 A>0

————————————————————
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More performance plots

Comparison: cut-based vs. pivotal classifier, mass shapes
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More performance plots

Comparison: cut-based vs. pivotal classifier, significances
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