Center for
Cosmology and
Particle Physics

The HistFactory

Kyle Cranmer,
New York University

Kyle Cranmer (NYU) Likelihood Workshop,Jan 22, 2013



RooFit: A data modeling toolkit

CENTER FOR
COSMOLOGY AND
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RooFit is a major tool developed at BaBar for data modeling.
RooStats provides higher-level statistical tools based on these PDFs.
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RooFit, RooStats, HistFactory

RooStats has been widely adopted by LHC experiments
I statistical tools based on the RooFit modeling language

I supports frequentist, Bayesian, likelihood based inference

The RooFit modeling language is very general, but this generality can
make simple problems seem overly complex for beginners

I learning the RooFit modeling language is a significant barrier for

usage of the common statistical tools in RooStats

HistFactory produces statistical models in the RooFit/RooStats
framework with a restricted form (a likelihood template)

I the form is general enough to support many analyses
- used widely within ATLAS Higgs and SUSY searches (originated in top group)
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Factory (software concept)

From Wikipedia, the free encyclopedia

WIKIPEDIA

The Free Encyclopedia

In object-oriented computer programming, a factory is an object for creating
other objects. It is an abstraction of a constructor,

Factory objects are used In situations where getting hold of an object of a
particular kind is a more complex process than simply creating a new
object. The factory object might decide to create the object's class (if
applicable) dynamically, return it from an object pool, do complex
conbPguration on the object, or other things.

Kyle Cranmer (NYU) Likelihood Workshop,Jan 22, 2013
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http://cds.cern.ch/record/1456844

Linkbacks

Preprint

CERN-OPEN-2012-016

HistFactory: A tool for creating statistical models for use with RooFit and RooStats

Author(s) Cranmer, Kyle (New York U.) ; Lewis, George (New York U.) ; Moneta, Lorenzo (CERN) ;
Shibata, Akira (New York U.) ; Verkerke, Wouter (NIKHEF, Amsterdam)

Collaboration ROOT Collaboration

Abstract The HistFactory is a tool to build parametrized probability density functions (pdfs) in the
RooFit/RooStats framework based based on simple ROOT histograms organized in an XML file. The
pdf has a restricted form, but it is sufficiently flexible to describe many analyses based on template
histograms. The tool takes a modular approach to build complex pdfs from more primative
conceptual building blocks. The resulting PDF is stored in a RooWorkspace which can be saved to
and read from a ROOT file. This document describes the defaults and interface in HistFactory 5.32.

32 page documentation of HistFactory tool + manual

' currently a “living document”
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A related note

Conceptually similar to MCLimit and Collie used at Tevatron
I those tools merge model building and statistical tests

' HistFactory factorizes building of model from statistical tests
(done in RooStats)

John Conway outlined similar building blocks for binned likelihoods

Nuisance Parameters in
Likelihoods for Searches

John Conway
Univ. of California, Davis

PhyStat 2011 - 17-20 January
CERN

http://indico.cern.ch/conferenceOtherViews.py?view=standard&confld=107747
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Visualizing probability models

| will represent PDFs graphically as below (directed acyclic graph)

' eg. a Gaussian G(x|y, ! ) is parametrized by (L, o)

I every node is a real-valued function of the nodes below

100

lll]lllllll[lllllll[

Clearly related to Graphical Models, but not the focus here.

Kyle Cranmer (NYU) Lund Stats Lectures, November, 2012



Marked Poisson Process

Channel : a subset of the data defined by some selection
requirements.

I eg. all events with 4 electrons with energy > 10 GeV
' n. number of events observed in the channel
I I number of events expected in the channel

Discriminating variable: a property of those events that can be
measured and which helps discriminate the signal from background

I eg. the invariant mass of two particles
I f(X): the p.d.f. of the discriminating variable x
D= {X1,...,X,}

Marked Poisson Process: 'n

f(D|v) = Pois(n|v)  f(ze)
e=1

Kyle Cranmer (NYU) Lund Stats Lectures, November, 2012
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Mixture model conrenron (@Y
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Sample: a sample of simulated events corresponding to particular
type interaction that populates the channel.

I ie. components of a mixture model
1 :
f(x)= — 1 Fo(X) ), liot S

|
'+ tot s! samples sEsamples
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Parametrizing the model ! =(w,")

Parameters of interest ( |): parameters of the theory that modify the
rates and shapes of the distributions, eg.

I the mass of a hypothesized particle
' the “signal strength” u=0 no signal, u=1 predicted signal rate

Nuisance parameters ( ! or! ). associated to uncertainty in:

I response of the detector (calibration)
' phenomenological model of interaction in non-perturbative regime

Lead to a parametrized model: v — v(! ), f(z) — f(x|! )

f(D]er) = Pois(n|a) | [ f (xe|e)

e=1

Kyle Cranmer (NYU) Lund Stats Lectures, November, 2012



Incorporating Systematic Effects «Tﬁ

Tabulate effect of individual variations of sources of systematic uncertainty
I typically one at a time evaluated at nominal and “t 1 0~

I use some form of interpolation to parametrize pth variation in terms of
nuisance parameter ",
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f(D]er) = Pois(n|ax) | [ f (xe|w)

e=1
Kyle Cranmer (NYU) Lund Stats Lectures, November, 2012
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Incorporating Systematic Effects o, @0
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Tabulate effect of individual variations of sources of systematic uncertainty
I typically one at a time evaluated at nominal and “t 1 0~
I use some form of interpolation to parametrize pth variation in terms of

nuisance parameter p
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Incorporating Systematic Effects o @
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Tabulate effect of individual variations of sources of systematic uncertainty
I typically one at a time evaluated at nominal and “t 1 0~

I use some form of interpolation to parametrize pt" variation in terms of
nuisance parameter ",

N e e
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f(D|a) = Pois(n|a) Hf (Xe|cx)
e=1

Kyle Cranmer (NYU) Lund Stats Lectures, November, 2012
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Visualizing the model for one channel e, @
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Visualizing the model for one channel

10°

After parametrizing each 5L ATLAS
component of the mixture

model, the pdf for a single

B Z+jets
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fL dt =35 pb ) WHets
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Events / 5 GeV
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Simultaneous multi-channel model

Simultaneous Multi-Channel Model:  Several disjoint regions of
the data are modeled simultaneously. ldentification of common
parameters across many channels requires coordination between

groups such that meaning of the parameters are really the same.
! n c

fsim(Dsiml! ): POiS(nC“C(! )) | fc(Xce“ )

c! channels e—=1

where Dsim — {D 1y DCmaX }

Control Regions: Some channels are not populated by signal
processes, but are used to constrain the nuisance parameters

I convert ‘bad’ systematics into ‘good’ systematics
I Prototypical Example: “on/off” problem with unknown !

t(n, mlp, vp) = Rois(nly + vb_%' OiS(@;ITV%

signal region control region

Kyle Cranmer (NYU) Lund Stats Lectures, November, 2012



Constraint terms

Often detailed statistical model for auxiliary measurements that
measure certain nuisance parameters are not available.

' one typically has MLE for " ,, denoted a, and standard error

Constraint Terms: are idealized densities for the MLE.
fp(apl(lp) for p < S
I common choices are Gaussian, Poisson, and log-normal
' New: careful to write constraint term a frequentist way.

' Previously: m(aplap) = fplaplay)n(ay)  with uniform n

Simultaneous MultI-Channel Model with constraints:

fiot (Dsim, Glx) = H Pois(n.|v.(a)) H fe(Zeel) é-H fp(apmp)

cechannels e=1

Where DS|m — {D 1y -« = DCmax }’ g — {a_p} fOI‘ pE S

Kyle Cranmer (NYU) Lund Stats Lectures, November, 2012
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Conceptual building blocks gzimm?cj?

Ensemble

I

Experiment

L q Channel Constraint Term
egend:

A"%as many" Bs. c! channels fp(ap |! p)

B "has a" C. f x|
Dashed is optional. c

v

Event Sample
el events s! samples

{1En c}

p! parameters with constraintg

global observable

a

We will use the following mnemonic index conventions:

Observable(s) Distribution Expected Number of Events ¥ e c events

Xec fsc(x 1) ‘s ¥ b e bins

? ¥ c € channels
v

¥ s € samples

Shape Variation Parameter
| =
fSCp(X ! 0 X) L #$ ¥ p € parameters

Kyle Cranmer (NYU) Likelihood Workshop,Jan 22, 2013
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Ability to include multiple signal and background samples?

100 150 200 250
Ability to include unconstrained scaling of the normalization of any sample (as was E™SS [GeV]

done with p) S

Ability to parametrize variation in the normalization of any sample due to some sys-
tematic effect

Ability to parameterize variations in the shape of any sample due to some systematic
effect

Ability to include bin-by-bin statistical uncertainty on the normalization of any sample

Ability to incorporate an arbitrary contribution where each bin’s content is parametrized
individually

Ability to combine multiple channels (regions of the data defined by disjoint event
selections) and correlate the parameters across the various channels

Ability to use the combination infrastructure to incorporate control samples for data-
driven background estimation techniques

e Ability to reparametrize the model
Kyle Cranmer (NYU) Likelihood Workshop,Jan 22, 2013
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Constrained Unconstrained

Normalization Variation OverallSys ("¢s) NormFactor (#,)
Coherent Shape Variation HistoSys $.4 -
Bin-by-bin variation ShapeSys & StatError %y, ShapeFactor %y,

Table 1. Conceptual building blocks for constructing more complicated PDFS: parameters.

We define the following subsets of parameters:

e N = {¢,} the unconstrained normalization factors (ie. NormFactor),

e S = {a,} the parameters associated to systematic that have external constraints (ie.
OverallSys and HistoSys ),

o | ={9.} (the bin-by-bin uncertainties with constraints (statistical errors, ShapeSys
but not those associated to an unconstrained ShapeFactor).

We also use greek symbols for parameters of the model and roman symbols for observable
quantities with a frequentist notion of probability.

2As in the case of relativity, notational conventions can make some properties of expressions manifest and help identify
mistakes. For example, g, X*y" is manifestly Lorentz invariant and X* + Yy, is manifestly wrong.

Kyle Cranmer (NYU) Likelihood Workshop,Jan 22, 2013
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From full likelihood to a single bin e @

¥el events
¥ b! bin s

¥ c! chan n els
¥s! samp les

¥p! p ar amet
| nc "’ |
P(Nc, Xe, @p | " css %, Sesh) = Pois(nc|&)  fo(Xe|! ) aG(Lol' ,AL) a fo(ap|%)
CEchannels e=1 peS+!

It is perhaps more convenient to think of the likelihood as a product over bins

P(Nch, ap | #cs, ! pr Sesh) = Pois(ncp|”cn) aG(Lol% AL) & fo(@pl! p)

c! channels b! bins p! St!

fe(Xel#cs, ! ps Besh) = h w it h "cb

¢ bl bins of channel c

! cb(#cs,! p,$csb) = %s $csb#cs(! )&:S(! ) ' csb(! ),

Kyle Cranmer (NYU) Likelihood Workshop,Jan 22, 2013



Parametrizing a single bin ., @
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¥el events

) Cb(#CS’! p’$csb) = %s $csb#cs(! )8@5(! ) ' CSb(! ) . ¥blbins

¥c! chan n e

¥ %s - luminosity parameter for a given channel and sample. Within a given channel ¥ s! s amp les
this parameter is a common luminosity parameter for all the samples that include y 51  ar ame
luminosity uncertainty (i.e.. NormalizeByTheory="True" ). For all the samples with
NormalizeByTheory="False" it is bxed to the nominal luminosity %s = L.

¥ $csp, - Bin-by-bin scale factor used for statistical uncertainties, bin-by-bin shape system-
atics (ShapeSy3, and data-driven shape extrapolations ShapeFactor). For statistical
errors, the $., is shared for all the samples in the channel (ie. subscrips can be

omitted). For samples that do not have any bin-by-bin scale factors$.g,, = 1.

¥ #.s - Product of unconstrained normalization factors for a given sample within a given
channel. These typically include the parameter of interest, eg. the signal cross-section
or branching ratio. "
tHes = (8)
p! N¢

¥ &s(! ) - The parametrized normalization uncertainties (ie. OverallSys ) for a given
sample within a given channel (a factor around 1).

¥ ' csp. - The parametrized histogram (ie. the nominal histogram and theHistoSys ) for
a given sample within a given channel.

Kyle Cranmer (NYU) Likelihood Workshop,Jan 22, 2013



bin-by-bin statistical uncertainty @T*

Pois(np|! b(! ) +"p! 01° (! ) Pois(mp|" v#h) |

MC Statistics: Barlow-Beeston method MC Statistics: Barlow-Beeston “lite”

® to treat bin statistical uncertainties, Barlow and ® only one overall B-B parameter { is needed per bin
Beeston suggested* introducing a nuisance since the source uncertainties are independent!

parameter B; for each source i in each bin B4 constrain B to 1 within total statistical uncertainty
in bin (add in quadrature)

implemented Newton-type iterative method to B3
solve simultaneous nonlinear equations for i which
maximize likelihood B2 ' L

each bin is independent, so this can be done inside 0B;

our MINUIT fit for profile likelihood B this does represent fairly the effect of the overall
statistical uncertainty in each bin

can solve analytically for [ in bin i:

0 " 24 (wo?! DG nio?=0

problem: MINUIT fails due to small jumps in Bias

expected number in source changes works for non-MC sources

method works well! MINUIT is stable!

*Comp. Phys Comm. 77 (1993) 219

Kyle Cranmer (NYU) Likelihood Workshop,Jan 22, 2013



Interpolation ((Tﬁ

Syst Sample 1 e Sample N
Nominal Value n_; =1 e 772: N =1
p=0verallSys 1 77;:1,5:17 Mp=1s=1 - 77;:1,3:N7 Npe1s=N

. + - + -
p_OverallSyS M np:M’3:17 np:M,szl te np:M,3:N7 np:M,gzN
Net E! ect Ns=1(ox) Ns=n(ox)

Table 2: Tabular representation of sources of uncertainties that produce a correlated e! ect
in the normalization individual samples (eg. OverallSys). The 7, represent histogram when
as = 1 and are inserted into the High attribute of the OverallSys XML element. Similarly,
the 7, represent histogram when as; = —1 and are inserted into the Low attribute of the
OverallSys XML element. Note, this does not imply that n™ > n~, the & superscript
correspond to the variation in the source of the systematic, not the resulting e! ect.

Kyle Cranmer (NYU) Likelihood Workshop,Jan 22, 2013



Interpolation (‘T’

LA B L B L L I
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quadratic-interp, linear extrap
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Interpolation ((Tﬁ

Polynomial Interpolation and Exponential Extrapolation (InterpCode=4)

The strategy of this interpolation option is to use the piecewise exponential extrapolation as
above with a polynomial interpolation that matches ! (" = +"o), d!'/d" | =1 ,, and
d?! /d" 2|, = 4, , and the boundary +" ¢ is debned by the user (with default" ¢ = 1).
!
Ls(t) = | poly jexp. (" p5 1, ! sp’ ép’ " 0)
p" Syst

g (I +/I O)I " 1] O

n o, + ! n —_ & 6 nj n 1
Ipon|exp.( S Il Y R O)—gll"' iz1 Qi <0
0 /I O)l | n S _m 0

and the a; are bxed by the boundary conditions described above.

Pros: This approach avoids the kink (discontinuous Prst and second derivatives) at =0
(see Fig 3(b-d)), which can cause some Hiculties for numerical minimization packages such
asMinuit. This approach ensures that! (") > 0 (see Fig 3(c)).

Note : This option is not available in ROOT 5.32.00, but is available for normalization
uncertainties (OverallSys) in the subsequent patch releases. In future releases, this may
become the default.

Kyle Cranmer (NYU) Likelihood Workshop,Jan 22, 2013
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Interpolation §:zr,z‘f:.;:::;?cs(‘79

Figure 4: The upper-most curve corresponds to ! = (1) 1(1])'2 (as in the exponential
interpolation option). The middle surface corresponds to ! = 1 +1{"1 + 11" 5 (as in the
linear interpolation option). The lowest surface corresponds to ! = 141" 1-1," 5 (currently
not an opiton). The left frame has limits correspond to " 12 € [0,3] and ! (" 1,"2) € [0, 5]
and ! 7 =1 = 1.1 (eg. a 10% relative uncertainty). The right frame has limits correspond
to"12€[0,3]and ! ("1,"2) €[0,5] and ! | =1 = 1.5 (eg. a 50% relative uncertainty).

Kyle Cranmer (NYU) Likelihood Workshop,Jan 22, 2013



C++ and Python
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#include "RooStats/ HistFactory / Measurement h"

void MakeSimpleModel() {

/I Create a simple 1-channel model
/I using c++ and ROOT

/I Create the measurement object

/I This is the top node of the structure

/I 'We do some minor configuration as well
RooStats::HistFactory::Measurement meas( " my_measurement,
/I Set the prefix that before

/I all output for this measurement

/I We Set ExportOnly to false , meaning

/I we will fit the measurement and make

/I plots in addition to saving the workspace
meas.SetOutputPrefix( "results / my_measurement);
meas.SetExportOnly( False );

will appear

/I Set the name of the parameter of interest

/I Note that this parameter hasnQt vet been
/I created , we are anticipating it

meas.SetPOI( " SigXsecOverSM );

Set the luminosity
There are a few conventions for this .
Here, we assume that all histograms have
already been scaled by luminosity
We also set a 10% uncertainty
meas.SetLumi( 1.0 );
meas.SetLumiRelErr( 0.10 );
/I Okay, now that welve configured the measurement,
/I wedll start building the tree .
/I We begin by creating the first
RooStats::HistFactory::Channel chan(

channel
"channel " );

/I First , we set the Odata O for this channel

/I The data is a histogram represeting the

/I measured distribution . It can have 1 or many bins .
/I In this example, we assume that the data histogram
/I is already made and saved in a ROOTfile

/I So, to Oset the data®, we give this channel the

/I path to that ROOTfile and the name of the data

/I histogram in that root file

/I The arguments are: SetData( HistogramName,
chan.SetData( "data", "data/example.root " );

HistogramFile

and have attached
creating our Samples
processes that we

Now that we have a channel
data to it , we will start
These describe the various
use to model the data.
Here, they just consist of a signal
and a single background process.
RooStats::HistFactory::Sample signal(

process

“signal ", "signal ",
/I Having created this sample, we configure it

/I First , we add the cross -section scaling

/I parameter that we call SigXsecOverSM

/I Then, we add a systematic with a 5% uncertainty

/I Finally , we add it to our channel
signal.AddNormFactor( " SigXsecOverSM, 1, 0, 3 );
signal.AddOverallSys( "systl ", 0.95, 1.05 );
chan.AddSample( signal );

"“my measurement');

)

"data/ example. root "

#!/usr/bin/env python

A pyROOT script demonstrating
an example of writing a HistFactory
model using python

This example was written to match
the example.xml analysis in

$ROOTSYS/tutorials/histfactory/

Written by George Lewis

EE I O O O

main () :

try:

import ROOT

except:
print
return

"It seems that pyROOT isn’t properly

wan

Create a HistFactory measurement from python
W

InputFile = "./data/example.root"

# Create the measurement
meas =

meas .
meas.SetPOI( "SigXsecOverSM" )
meas.AddConstantParam (" Lumi")
meas.AddConstantParam("alpha_systi")

meas.SetLumi( 1.0 )
meas.SetLumiRelErr( 0.10 )
meas.SetExportOnly( False )

# Create a channel

chan = ROOT.RooStats.HistFactory.Channel (
chan.SetData( "data", InputFile )
chan.SetStatErrorConfig( 0.05, "Poisson" )
# Now, create some samples
# Create the signal sample
signal =
signal.AddeerallSys( "systi", 0.95, 1.05 )
signal.AddNormFactor ( "SigXsecOverSM", 1, 0, 3 )
chan.AddSample ( signal )

);

configured"

ROOT.RooStats.HistFactory.Measurement ("meas",

SetOutputFilePrefix( "./results/example_UsingPy"

"channell"

ROOT.RooStats.HistFactory.Sample( "signal",

"meas")

)

)

"signal", InputFile )

Kyle Cranmer (NYU)

Likelihood Workshop,Jan 22, 2013



To XML or not to XML
In principle the XML schema is technology independent
I you could use this XML and implement in Mathematica
Originally XML used exclusively as input format
I some people don't like XML
I most people wrote scripts to write XML
Now, we have C++ classes mirror of the Measurement, Channel,

Sample, HistoSys, .... building blocks

| factory uses these objects

I classes have python bindings

' building blocks can be filled via XML parser, C++, or python

I object structure can be stored in ROOT file (self-documenting)
I can write itself out to XML (human readable, easy to edit)
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PARTICLE PHYSICS

1au+ "9 +148", - Lau+ 13¢ +"c"glp
$su + " MO+ #g" 4 ! ey + 15+ "glp
$op + MO+ #m y ! Hop + 1Y0C + "clp

Spl + "+ #phc" 4 | B+ !1p° +1ap

o
_oas
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The ABCD Example e, @

PARTICLE PHYSICS

1au+"4C+14

Lau+ 13¢ +"c"glp
$B|J-+"MC+#B"A ! #ap + I5C + "glp
Sop + "M+ Ho ! op +10C +"clp
Spl + "+ #phc" 4 | B+ !1p° +1ap

<IDOCTYPEhannel SYSTEMOHistFactorySchema . dtd &>

<Channel Name"A" InputFile ="./ data/ABCDroot " > Slmllar XML fOr B,C, & D

<Data HistoName="A_data" HistoPath ="" />

<l--  This is the signal (eg. my-- >

<Sample Name" A_signal " HistoPath ="" HistoName="unit_histogram ">
<l--  now muis number of events -- >
<NormFactor Name"md Val="1" Low="0" High="200" />
<OverallSys Name"systl " High="1.01" Low="0.99" />

</ Sample>

<I--  This bkg is estimated from MC(eg. mu_AK) -- >

<Sample Name" A_backgroundMC HistoPath ="" NormalizeByTheory =" True" HistoName="unit_histogram " >
<NormFactor Name&"mu_K_A Val="100" Low="0" High="200" />
</ Sample>

<I-- Background 2 is completely Data-Driven -- >

<Sample Name" A_backgroundDD HistoPath ="" NormalizeByTheory =" False " HistoName="unit_histogram
<NormFactor Name"mu_D_U VaI ="100" Low="24500" High="26000" />
<NormFactor Name"etaB" Val="1" Low="0." High="0.02" Const="False" />
<NormFactor Name" etaC" VaI:"l" Low="0." High="0.3" Const="False" />

<l-- NormFactor and ShapeFactor same for a 1-bin histogram . But we can name NormFactor-- >
</ Sample>

</ Channel>
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The ABCD Example e, @

PARTICLE PHYSICS
sof

T T r 3 T T T T T T T
40F . 3
30F . 2

f3] PP T P PR PR PRI PP STV UU PRI PIPIT PRIT PR PRR PRI PO ST VUR POV PUPIT PIPTT P PR PRR PR PO
10 20 30 40 50 60 /0 10 20 30 40 50 60 /0 80 90 1 10 20 30 40 5 60 70 80 90 1
mu mu

\

= LAl | T T T LI/l | C DI60_ T

>
£

c
[= I Y PPN PP PPYYY FYTTY PYTTY FTTTY FYTTY FYTTY PIPT:
b

112 Imu_U !1112.39585e+01 | 2.00790e+00 ! 1.41048e-04 !-8.63952e-01 » ' - L R
113 ItauB ! 1111.01982e+01 ! 2.19716e-01 ! 8.15785e-05 ! 1.98219e-02
1 14 1tauC ! 1 11 1.03037e+02 ! 8.33015e+00 ! 3.14904e-04 1-7.71110e-01

&

> ®
™

-log! (tauC)

(SIS
Lk |

'IPARAMETER ICORRELATION COEFFICIENTS !
ITTINO. IGLOBAL!!I2 111211131114
11r1r110.22727 1 1.000 -0.227 10.064 10.218
1111210.99742 1-0.227 11.000 -0.274 -0.969
1111310.95638!0.064 -0.274 11.000 10.040
1111410.9972110.218 -0.969 !0.040 !1.000
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PARTICLE PHYSICS

The ABCD Example ST T o ((Tﬁ

= 2 T T T T T T T T T %5‘000:

g, 18 53;5800 3
816 £

‘14

12

1

0.8

0.6

0.4

0.2

0 L 1 L L 1 1 1 L 1 ] L 1 1 L 1 1 ) L 1
0 10 20 30 40 50 60 /0 80 90 10 20 30 40 50 60 /0 80 90

25600
25400

25200

25000

24800

IS S TR TP TR TP PR TO0R POL PY POT:

E L L L L L L L 3
24600 24800 25000 25200 25400 25600 25800 26!
mu_D_U

I3

3

g

‘U

c 3
=)
S

11 letaB !1119.70593e-03 ! 7.51905e-04 ! 9.33872e-04 !-2.94109e-02  **
112 letaC 1111 9.80454e-02 ! 2.10984e-03 ! 1.81809e-04 !-3.53692e-01

0 3 L 1 L L L L L 1 L 3
0 0! . . . g . . . . . 0.0020.004 0.0060.008 0.01 0.012 0.0140.0160.018 0.
etaB

0.2

'IPARAMETER |CORRELATION COEFFICIENTS !
ITTINO. IGLOBAL IR 111211131114
1111110.2238211.000 !0.031 -0.209 -0.081
1111210.29963 1 0.031 11.000 -0.062 -0.293
1111310.21848 1-0.209 -0.062 11.000 !0.004
1'111410.30338 !-0.081 -0.293 10.004 !1.000

- log A (etaC)
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Observables Parameter of Interest
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Histogram Interpolation e, @

PARTICLE PHYSICS '

Several interpolation algorithms exist: eg. Alex Read'’s “horizontal”
histogram interpolation algorithm (RoolntegralMorph in RooFit)

| take several PDFs, construct interpolated PDF with additional
nuisance parameter !

A.L. Read | Nuclear Instruments and Methods in Physics Research A 425 (1999) 357 360
- (11 . 7

| Simple “vertical
§ L DELPHI - : - : :
g 0% M iInterpolation bin-by-bin.
% 0.05 1 R , l

=004
0.03 |
0.02 F
0.01

0 &
40

Alternative “horizontal”
Interpolation algorithm by
Max Baak called
“RooMomentMorph™ in
RooFit (faster and
numerically more stable)

[ A RooPlot of “x* ]

- e | e B T R T B T
x
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Constraint terms for our example model

For each systematic effect, we associated a nuisance parameter "
- for instance electron efficiency, JES, luminosity, etc.

- the background rates, signal acceptance, etc. are parametrized in
terms of these nuisance parameters

These systematics are usually known (“constrained”) within £ 10.
- but here we must be careful about Bayesian vs. frequentist

- Why is it constrained? Usually b/c we have an auxiliary
measurement a and a relationship like:

G(ala, o)
+ Saying that " has a Gaussian distribution is Bayesian.
- has form “Probability of parameter”
+ The frequentist way is to say that a fluctuates about "

While a is a measured quantity (or “observable”), there is only one
measurement of a per experiment. Call it a “Global observable ~
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Many uncertainties have no clear statistical description or it is impractical to provide
Traditionally, we use Gaussians, but for large uncertainties it is clearly a bad choice
I quickly falling tail, bad behavior near physical boundary, optimistic p-values, ...

For systematics constrained from control samples and dominated by statistical uncertainty,
a Gamma distribution is a more natural choice [PDF is Poisson for the control sample]

I longer tail, good behavior near boundary, natural choice if auxiliary is based on counting
For “factor of 2” notions of uncertainty log-normal is a good choice
I can have a very long tail for large uncertainties

None of them are as good as an actual model for the auxiliary measurement, if available

To consistently switch between frequentist,
Bayesian, and hybrid procedures, need to

be clear about prior vs. likelihood function Truncated Gaussian

Gamma
Log-normal

Projection of gprior

PDF(y| B) Prior(B) |Posterior(B|y)
Gaussian uniform |Gaussian

Poisson uniform |Gamma
Log-normal |1/ Log-Normal

Kyle Cranmer (NYU) Likeliho__ .



