Template morphing

Continuous modelling in a multidimentional space of parameters

Lydia Brenner



Introduction

Start with the formulation of a likelihood: L(Xx | [i,é)

» (B)SM physics model * Soft physics model * ATLAS detector
description * ATLAS analysis reconstruction

Problem: We don’t have a continuous description of L(X | [i,é)

P

» Can only calculate L(x) for any point u,0




Introduction

Can approximate statistical procedure with grid scan

‘r,/ L (0)=S,(xIR.1,,0)+B(x106)




Introduction

Morphing The procedure to turn a collection of points into a
continuous function
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Interpolating between models

» Need to define a morphing algorithm to define s(x) for any value of a
We only know s(x) for a=-1,0, 1

S(x) | a=-1 s(x)|a=0 s(x) [a=1
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Interpolating between models
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Linear interpolation

When does this stop working?
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Linear interpolation

When does this stop working? __——

Example:

Large shift
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Horizontal interpolation

Interpolate the cumulative distribution function
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Drawback: Computationally expensive




Moment morphing

Constructs a morphed interpolated function that has linearly
interpolated moments

» First two moments of template models are the mean and
variance

Multidimensional interpolation option

Computationally expensive, but only once




Comparing the methods

Different ways

to create a
continuous

Gaussian

varying
width

distribution of

the likelihood

Gaussian

varying
mean

Gaussian
to

Uniform
(this is
conceptually ambigous!)
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Overview of methods

Analytical
shapes

Crystal Ball

Empirical
descrip-
tions

Vertical interpolation

Moment morphing

Physics

. . Analytic Computations
inspired Y i

Effective Lagrangian Morphing




Effective lagrangian morphing

This method allows for more
complicated distributions

- Continuous
- Analytic
- Fast

Combines rate and shape
information simultaneously

Can use any Lagrangian as
starting point, | will use
effective models in my
examples
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Model prametrisation

Morphing function for an observable T,,,; at any coupling point g;q,4¢

constructed from weighted sum of input samples T;,, at fixed couplin
points g;

- Ninpu - = =
SM Tout(gtarget) = Zi=1p tWi(gtarget; 9i) Tin(g:)
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Example with two free parameters in
one vertex

Distribution of a kinematic observable proportional to the matrix
element squared

M (Gsm> Ism) = gSM Osy + gBSM Opsum

\M (sm> gsm) 1% = gSM |05M| + gBSM | Opsm|* +2 9sm Iesmu R(Osy” OBSM)§

| >ji]\i/

Process with two parameters applied in one vertex: gsy and gg
Matrix element can be factorized

...................................................................................
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Example with two free parameters in
one vertex

Three generated distributions Ty, (9sm, 9esyu) Needed to obtain distribution with arbitr
parameters

Tin(1,0) = [ Osp|?

Tin(0,1) 10psu|*

Tin(1,1) = 10sy|*> + 10psul® + 2 R(Osm”™ Opsu)

Going now to arbitrary parameters (gs;, 9z51/) USing

\ M (gsm> Ism) 12 = gsu® 10su|® + gpsm® 10psml® + 2 gsm gpsm R(Osu™ Opswm)
We get

Tout(gsm> Ipsm) = (Ism*= Ism Ipsm)Tin(1,0) + (gpsm®= gsm Ipsm) Tin(0,1) + gsm Ipsm Teml151




Generalisation to n dimentions

np+ng

T() « |M(G)12 = (X2, 9:0:)* + (X741 9;0;)?

productionrvertex ~—detuyvertex —
Where n,, is the number of parameters in the production vertex, n; the number
in the decay vertex, and ng; the number shared in both vertices

So the number of input parameters needed is

. _ np(mp+1) ng(ng+1) 4 +n,—1 ns(nsg+1)\ ng(ng+1)
Ninpue = 24 ( b ) + (npny + Pt 2l

+ (ndns + ns(nzs+1)) np(nzp"'l) + ng(ng+1)

34+n.—1
nyng + (ny+ng) ( 35 )




Propegation of sample uncertainties

Reminder: the morhping function for a bin in the distribution is
Tobtl;?(gtarget) — Ziwi(gtarget; gl) Ti?lin(g)i)
For one input distribution, the bin content is calculated as

TEM™(G) = NoPion (90) 0in (G L/ Nagcin

The uncertainty on that bin is \/N,ﬁigfin D)

The propegated statistical uncertainty is

AT(%?(Q)J = \/Zl Wi2 (g)target; gl) Nl\ljllg,lin (gl) (O-in(gi)L/NMC,in)z
Dependent on chosen input paramters points g; as well as desired output parameter poi

Input parameter point g;, or input distribtions T;,,, can be chosen to reduce MC stati
uncertainties




Interpolation of systematic uncertainties

Following same method of template morphing for (total)
uncertainty

» Try taking into account possible changing in uncertainties
in the multi-dimentional space

» Estimating all uncertainties in all input sample points can be too
expensive or complicated

» Try taking into account possible changes in correlations
between uncertainties in the multi-dimentional space

» Physics of the uncertainties does not follow the same physics
as the signal model




VBF H- WW example

VBF H— WW process with one SM (gs,) and two BSM (ggww 9aww) Parameters
» 15 samples needed as inputs
Each sample with a 50k sample size

>
» Consider signals only, background free
>

Look at one kinematic observable A¢;; q\/q




VBF H- WW example : Input samples

Expact only small deviation from SM
» gsm = 1 for all input samples

» BSM parameter limits chosen such that
Opure BSM ~ Osm

RAWW
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VBF H-> WIW example : Input samples

VBF:H - WW — Ivlv (s =13 TeV, xgy=\2, ¢_= \/lz Kotner=0> Kaww VS Knww

MadGraph5_aMC@NLO

S’ Simulation Preliminary

Expact only small deviation from SM

» gsy = 1 for all input samples
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VBF H-> WIW example : Distributions
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VBF

H- WW example : Fit
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Summary

The morphing techniques provide a powerful way to model
the distributions in combined likelihoods

» All available with ROOT release v6.26.00

Different methods are correct in different situation
» Consider computational costs
» Uncertainty propagation of systematics non-trivial
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Parameters for input distribution
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Choose to reduce statistical uncertainties




Generalisation to n dimentions

np+ng

T(G) ¢ [M(G)12 = (7 9:0:)* + (X747 g;0;)?

productiotvertex ~—detuyvertex —
Where n,, is the number of parameters in the production vertex, n; the number
in the decay vertex, and ng; the number shared in both vertices

So the number of input parameters needed is

+1 —
Ninpu = np(nzp )Tld(nzd'l'l) n (4 + ng 1) + (npns + ns(nzs+1)) ng(ng+1)

2
ns(ns+1)) np(np+1)  ng(ng+1) 3+ns — 1)

+ (ndns += L (np+nd)( 3

So for example with 13 free parameters in VBF H —» VV you need 1605 input
parameters

» Lots of input samples creation can be computationaly expensive

» Interpolation computationally cheap




Higgs characterisation model
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