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Purpose

(resolution,efficiency,...)

Model the distribution of observables §R<) In terms of

e Physical parameters of interest p

®
e Other parameters g to describe detector effects

R

oOoFI

t

v

® ®
Probability density function F(C;D(;p,q)

e normalized over allowed range of the observables x
w.r.t the parameters p and q
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Implementation

e Add-on package to ROOT
— ROOQOT is an object-oriented analysis environment
— C++ command line interface & macros
— Graphics interface

— 1/0 support (‘persisted objects’)

e RooOFit is collection of classes that
augment the ROOT environment

— Object-oriented data modeling

— Integration in existing analysis environment

* Interfaces with existing data formats

< No need to learn new language
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RooFit @ BaBar

e Successor of RooFi t Tool s
— RooFi t Tool s no longer maintained

— RooFit is a nearly complete rewrite (—95%) of RooFitTools
 Class structure redesigned from scratch, having learned from RooFitTools evolution

e Key class names and functionality identical to enhance macro portability

e Code split in two SRT packages

— RooFi t Model s

e PDF implementations (Gauss, Argus etc)

e Contributed by BaBar users

e No code dependence on other BaBar software
— Uses Sof t Rel Tool s for BaBar builds, but standalone Makefile provided

= Some work still in progress...

— Compiles clean & tested on Linux, Solaris, OSF
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RooFit users tutorial

The basics

Probability density functions & likelihoods
The basics of OO data modeling

The essential ingredients: PDFS, datasets, functions
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Probability density functions

X

max
e Fundamental property of any a

probability density function g(x,p): (ﬂ(x D)d)? °1

— Easy to construct for 1-dim. PDF
much more effort for >1 dim.

X

min

e User supplied function need not be normalized

RooPlot of "x"

&f gaussian PDF
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Likelihood fits & ToyMC generation

e Likelihood fit

~
— Likelihood is product of probabilities L( rj) — O g()?l y rj)
D

given by g(x) for all data points
In a given dataset D[X]

— Fit find p for which —log(L(p)) is smallest

- log(L(P))=- & log(g(X, P))

« ToyMC generation Paccept(X) = PO/ Prax
_
— Accept/reject method > g A
— ‘Direct’ method (e.g. gauss) %"5. Pmax
&4
%JB_
P(X)

T P o
4 6 8 10 12 141
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Object-oriented data modeling

e In RooFit every variable, data point, function, PDF
represented in a C++ object

— Objects classified by data/function type they represent,
not by their role in a particular setup

— All objects are self documenting
- Unique identifier of object

— More elaborate description of object
Initial range

_ RooReal Var nass(“mass”,”lnvariant mass”, 5. 20, 5. 30) ;
Objects

representing RooReal Var wi dt h(“w dth”,”B0 mass w dth”, 0. 00027,” GeV’);
a ‘real’ value.
RooReal Var nbO(“nmb0”,” B0 mass”, 5.2794," V') ;

Initial value Optional unit

_ Y
PDF object RooGaussi an bOsi g(“b0sig”,”B0 sig PDF", nmass, nb0, wi dt h) ;

References to variables

Wouter Verkerke, UCSB



Object-oriented data modeling

e Elementary operations on value holder objects

mass. Print ()

Print value and attributes < | p,oReal Var: : mass: 5. 2500 L(5.2 - 5. 3)

mass = 5. 27 ;
mass. set Val (5. 27) ;
mass = 9.0 ;
RooAbsReal LVal ue: : i nFi t Range( mass):

val ue 9 rounded down to max limt 5.3

Error: new value

Assign new value out of allowed range

Retrieve contents Doubl e t massVal = nmss. getVal ();

bOsi g. Print()

Print works for all RooFit objects _ _ _
RooGaussi an: : bOsi g(mass, mbO, wdth) = 0

getVal() works for all real-valued

objects (variables and functions) Doubl e_t val = bOsig.getVal ()
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Elementary operations with a PDF

Setup gaussian PDF and plot

[/ Build Gaussi an PDF

RooReal Var x("x","x",-10,10) ;
RooReal Var nean("nean", "nmean of gaussi an", 0, -10, 10)
RooReal Var sigma("sigm","w dth of gaussian", 3)

RooGaussi an gauss("gauss", "gaussi an PDF", x, nean, si gma)

/| Pl ot PDF | A RooPlot of "x" |
RooPl ot* xframe = x.frame() y F
gauss. pl ot On(xframe) ; D025 —
xframe->Drawm) ; N

80.02|—

Projedion of
2
on
|

Axis label from gauss title-=====-s >
0.01—
B Unit

A RooPl ot is an empty frame 0.005_ normalization

capable of holding anything
plotted versus it variable

-10 -8 -6 -4 -2 0 2 4 6 8 10

e A
\ .---’- -
________

Plot range taken from limits of x == Wouter Verkerke, UCSB



Elementary operations with a PDF

Correct axis label for data

|  ARooPlotof "x" |
1) Generate 10K events from Q

2) Fit PDF to event sample
3) Plot PDF on data

3

Events /(0.2 )

g

2

/] Generate a toy MC set
RooDat aSet* data =
gauss. gener at e( x, 10000) 50

PDF
automatically
normalized
to dataset

g

-10 -8 -6 -4 -2 0 2 4 6 8 10

[/ Fit pdf to toy *
gauss. fit To(*dat a)

// Plot PDF and toy data overlaid Once the model is built,
RooPl ot * xframe2 = x.franme() ; Generating ToyMC, fitting, plotting

dat a- >pl ot On(xframe2) ; are mostly one-line operations!
gauss. pl ot On( xfranme2, " L")

xframe2->Draw)
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Variables ® Parameter or observable?

e PDF objects have no intrinsic notion of a variable
begin a parameter or observable

RooGaussi an bOsi g(“b0sig”,”B0 sig PDF”, mass, nb0, wi dt h);

e But, PDF normalization depends on parameter/observable
Interpretation of variables

Xmax

\ 0 X = observable
P(X P)AX° L | — parameter
Xpnin

— All PDF variables that are member of the dataset are observables

— All other PDF variables are parameters

— Limits are normalization range if variable is observable
Limits are MINUIT bounds if variable is parameter
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Variables ® Parameter or observable?

e Example of dynamic variable interpretation
— BMixingPDF(dt,mixState,...) + data(dt)

e mixState is parameter.

e Data is fitted with pure mixed or unmixed PDF depending on value of

mixState

— BMixingPDF(dt, mixState,...) + data(dt, mixState)

e mixState is observable.

e PDF is normalized explicitly over the 2 states of mixState and behaves
like a 2-dimensional PDF

e Determining the parameters/observables of a given PDF

getDependents:
Make list of common variables
between data and gauss

getParameters:
Make list of variables of gauss
that do not occur in data

RooAr gSet * par anfet = gauss. get Dependent s( dat a)

parantet. Print(“v") ;
RooAr gSet : : dependent s
1) RooReal Var::x :

RooOAr gSet * par anfbet = gauss. get Par anet er s( dat a)

parantet. Print(“v") ;
RooOAr gSet : : paraneters:
1) RooReal Var: : nmean

2) RooReal Var::signa :

0 L(-10 - 10)

-0.940910 +/- 0.0304
3.0158 +/- 0.0222
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Lists and sets

e RoOFiIt has two collection classes that are frequently
passed as arguments or returned as argument

e Ro0OArgSet — Setsemantics RooOArgSet si(x,y,z) ;
RooAr gSet s2(x, x,y) ; //ERROR
— Each element

may appear only once

— No ordering of elements

e RoOArgLi st — List semantics RooArgList 11(z,y,Xx) ;
RooArgLi st |2(x,Xx,y) ;
— Elements may be

inserted multiple times ROOAr gLi st : : :

— Insertion order is preserved 1) RooReal Var::x: "x"
2) RooReal Var::x: "x"

3) RooReal Var::y: "y"



RooFit users tutorial

Building PDFs

Basic PDFs
Combining building blocks via addition,multiplication
Generic real-valued functions

Plug-and-play parameters
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The building blocks

e RooFitModels provides a collection of ‘building block’ PDFs

RooAr gusBG - Argus background shape
RooBCPEf f Decay — BO decay with CP violation
RooBM xDecay - BO decay with mixing

RooBi f ur Gauss - Bifurcated Gaussian

RooBr ei t W gner — Breit-Wigner shape
RooCBShape - Crystal Ball function
RooChebychev - Chebychev polynomial
RooDecay - Simple decay function
RooDi r cPdf - DIRC resolution description

RooDst DOBG - D* background description
RooExponenti al — Exponential function

RooGaussi an - Gaussian function

RooKeys Pdf - Non-parametric data description
Roo2DKeysPdf - Non-parametric data description

RooPol ynom al
RooVoi gti an

Generic polynomial PDF
Breit-Wigner (X) Gaussian

 More will PDFs will follow

— Easy to for users to write/contribute new PDFs
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Generic expression-based PDFs

e If your favorite PDF isn’'t there
and you don’t want to code a PDF class right away

e Just write down the PDFs expression as a C++ formula

RooGeneri cPdf gp(“gp”,”Generic PDF”,”exp(x*y+a)-b*x”,
RooAr gSet (x, vy, a, b))

e Automatic normalization

— Expression divided by numerical integral of expression
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Building realistic models

e Complex PDFs be can be trivially composed using operator classes

— Addition

B S

o] o

B s

&of ;s
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b5 st 3
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Building realistic models

F—Iistﬂgram of X\sY__ X V r——
— Composition (‘plug & play’)
%2' F 10025 . RuSy 08557
g :_ E'“’L 10015 y ,,’l-;'f-,{#-fj‘q%%g
N E w0
a: mr_ * - W 0
T T e T T | W i 4 201 20 am 13 1 Eﬁ’ 546 8 4
! " 0.5

m(y;ag.a;)  g(x;m,s)

Possible in any PDF
No explicit support in PDF code needed

g(x,y;a0,al,s)

— Convolution

swon ofstvcay
o

-t

I T il o ialiie, i 1 . P Tlosiliven g ol I3
":IH M W 5 L] 5 #0150 18 410 5 o 5 nm 15 M
i L] di
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Adding PDF components

Build 2
Gaussian
PDFs

Build
ArgusBG
PDF

RooAddPdf constructs the sum of N PDFs with N-1 coefficients:

& o O
S:COPO+C1F)1+CZPZ+...+Cn_1Pn_1+gl- aC.:Pn

i=0,n-1 &
[/ Build two Gaussi an PDFs

/1 Build Argus background PDF

// Add the conponents

RooReal Var glfrac("glfrac","fraction of gaussl",0.5) ; Listof PDFs
RooReal Var g2frac("g2frac","fraction of gauss2",0.1) ; /'S
RooAddPdf  sun{("sunt, "gl+g2+a", RooOAr gLi st (gaussl, gauss2, ar gus),

RooAr gLi st (glfrac, g2frac))
%

List of coefficients



Adding PDF components

/] Generate a toyMC sanpl e

/] Plot data and PDF overl ai d

/'l Plot only argus and

sum >pl ot On( xf r ame, Conponent s( RooAr gSet (ar gus, gauss?2)))

xframe->Draw)

gauss?

/ ARooPlot of "x’ |

Events /{ 0.1

Plot selected

components
of a RooAdd Pdf\“«

\%

300

250

200

150

50 ¢




Parameters of composite PDF objects

RooAddPdf
sum
RooCGaussi an RooReal Var RooGaussi an RooReal Var RooAr gusBG
gaussl glfrac gauss?2 g2frac ar gus
RooReal Var RooReal Var RooReal Var RooReal Var RooReal Var RooReal Var
nmeanl Si gna X mean2 ar gpar cut of f

RooAr gSet *paranlLi st = sum get Paraneters(data) ;
paranLi st->Print("v") ;
RoOAr gSet : : par aneters:
1) RooReal Var::argpar : -
2) RooReal Var::cutoff :
3) RooReal Var::glfrac :
4) RooReal Var::g2frac :

00000 C
. 0000 C
50000 C The parameters of sum

. 10000 C are the combined

P WN OO

5) RooReal Var: : neanl . 0000 C parameters
6) RooReal Var:: nean2 . 0000 C of its components
7) RooReal Var: :sigm . 0000 C
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Multiplying PDF components

RooPr odPdf constructs the product of N PDFs:
P =R, %) 8 (Y1 Y20 )82, 2, ) % B (W, W)

[/ Build two Gaussi an PDFs
RooReal Var x("x","x",-5,5)
Build 2 RooReal Var y("y","y", -5, 5)
G?ﬁ;if” RooGaussi an gaussx("gaussx", “gaussx”, X, meanx, si gmax) ;
RooGaussi an gaussy("gaussy", “gaussx”,y, neany, si gmay) ;

[/ Multiply the conponents
RooPr odPdf prod("gaussxy", "gaussx*gaussy",

ROOAr gLi st (gaussx, gaussy))

Component PDFs may not share dependents
e.g. pdf,(x,y)*pdf,(x,z) not allowed

Such forms are not very common,

but can be performed with RooGenericPdf
Shared parameters no problem
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Plotting multi-dimensional PDFs

RooPl ot * xframe = x.frame()

dat a- >pl ot On(xfranme) ;
pr od- >pl ot On( xf r ane)

xframe->Draw)

=

§0.1 b‘

f(x) = ¢ pdf (x, y)dy~._ 5=
c->cd(2) ; ZZZ
RooPl ot* yfranme = y.frame() ; i

200

dat a- >pl ot On(yfranme)
pr od- >pl ot On(yfrane)
yframe->Draw()

150

100

f(y)=¢pdf(x, y)dx — }

-Plotting a dataset D(X,y) versus X
represents a projection over y

-To overlay PDF(X,y),
you must plot Int(dy)PDF(X,y)

<RooPlot remembers dimensions of plotted datasets 20;_




Tailoring PDFs via composition

Suppose you want to build a PDF like this
PDF(X,y) = gauss(x,m(y),s)
m(y) = m, + mysqrt(y)
How do you do that? Just like that:

RooReal Var x("x","x",-10, 10)
RooReal Var y("y","y", 0, 3)

/] Build a paraneterized nean vari able for gauss
BUI . . RooReal Var neanO(" nean0", “mean offset", 0.5)
uild a function object . v i
m(y)=mg+m,*sqrt(y) RooReal Var nmeanl("neanl", “nmean sl ope", 3.0)
RooFor mul avar nmean("nean", " meanO+nmeanl*y",
RooAr gLi st (nmeanO, neanl, y))

Simply plug in ’
function mean : . : :
Wﬂere' mean va(lﬁ)e RooReal V_ar sigma("sigm","w dth pf gaussi an", _3) :
is expected! RooGaussi an gauss("gauss", "gaussi an", x, nean, si gma) ;

PDF expects a real-valued object

. . |
Plug and play parameters: as input, not necessarily a variable
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Generic real-valued functions

e RooFor mul aVar makes use of the ROOT TFor nul a
technology to build interpreted functions

— Understands generic C++ expressions, operators etc

— Two ways to reference RooFit objects
By name:

RooFor mul avar f(“f”, " exp( )*sqrt(bar)”, RoOArgLi st( , bar)) ;
By position:

RooFormul avar f(“f”,”exp(@)*sqgrt(@)”, RooArgLi st(foo, bar)) ;

— You can use RooFor mul aVar where ever a ‘real’ variable is requested

 RooPol yVar is a compiled polynomial function

RooFor mul avar f(“f”,”pol ynom al ", x, RooAr gLi st (p0, pl, p2)) ;
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Convoluted PDFs

e Convoluted PDFs that can be written if the following
form can be used in a very modular way in RooFit

P(dt,...)= g c.(...)(f (dt,..) A R(dt,...))

Example: B°® decay with mixing
c, =1+ Dw, f,=e

c, = +(1- 2w), f. =e™" cos(Dmx)

Wouter Verkerke, UCSB



Convoluted PDFs

e Physics model and resolution model are implemented
separately in RooFit

|mp|ement3 fi (dt,)A R(dt,)
Also a PDF by itself

RooResol uti onMbdel

A
s )

P(dt,...)= g c.(...)(f. (dt,..)A R(dt,...))

Y
RooConvol ut edPdf (physics model)

Implements c,
Declares list of f, needed

> User can choose combination of physics model

and resolution model at run time
(Provided resolution model implements all f, declared by physics model)
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Convoluted PDFs

[ A RooPod of "di" |

§ C
$os-

RooTrut hvodel tm("tnf, "truth model ¥ dt) : gwl

03—

RooDecay decay_tn("decay_tni, "decay", onr
dt, tau, t m RooDecay: : Doubl eSi ded) ; 0.02

[ A RoolMod of "di" |

RooGaussModel gni("gnl", "gauss nodel ", -
dt, bi asl1, sigmal),; @ 2o-

RooDecay decay gmil("decay gml", "decay",
dt, tau, gml, RooDecay: : Doubl eSi ded) ;




Composite Resolution Models: RooAddMbdel

[l... (continued from | ast page)
/'l W de gaussian resol ution nodel |;“°'_=“°'°f'“‘" | decav A gm1
g.m_—
lfnas_
RooGaussModel gn2("gnR", "gauss nodel 2° E]na—
, dt, bias2, sigm2) ; 025 -
// Build a conposite resol ution nodel omsl-
RooAddModel gnmsun(" gmsunt', “gml+gnm2", "‘"”:__ N\,
RooAr gLi st (gni, gn2), f) ; e e - at’
/1 decay (x) (gnl + gnR) | ;;}decayA(fgm1+(1—D>gm2)
RooDecay decay_gmsun{"decay_gmsunt, .f; -
"decay", dt, tau, gnsum 5|
RooDecay: : Doubl eSi ded) ; = o

0.013

0.

0.00&

® RooAddModel works like RooAddPdf




Resolution models

e Currently available resolution models
— RooGaussModel — Gaussian with bias and sigma
— RooGExpModel — Gaussian (X) Exp with sigma and lifetime

— RooTr ut hModel — Delta function

e A RooResol uti onModel iIs also a PDF

— You can use the same resolution model
you use to convolve your physics PDFs to fit to MC residuals

A RoaMol of "di’ A RooMod of "di” A RoaMol of "di’
N T 20F -
de0 = r dza-
—~ <200 - 27°f
L E] s0F 2 [
E [ g : 200
dzaf deof . S [
L E 4 B
[ 140 a0
100 N L
C 1200 -
a0y 100 ) B
G0 [ 80 !
[ 0
r col [
.:']_ L
r R 20
zu: a0 [
a Ot b ol R P P P T T T
- i0 -8 -& -4 -2 0 £ 4 & & Jtﬂ -i0 -8 -6 -4 -2 0 Z 4 & 4 &U
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Extended likelihood PDFs

e Extended PDFs add extra term to global likelihood

- log(L(P))=- & 109(9(%;, B)) * Nag - Nos 10g(No)

e Building extended PDFs

— Any PDF can be turned into an extended PDF
by wrapping it in a RooExt endPdf object

RooGaussi an gauss(“gauss”,” Gaussi an”, x, nean, si gma) ;
RooReal Var nsig(“nsig”, "nunber of signal events”,5,0,100);

RooExt endPdf gausse(“gausse”, ” Ext ended Gauss”, gauss, ns¢g) ;

/-/

o

wee=""

nsi g Is now a parameter of gausse -
and represents the number of expected events
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Extended likelihood PDFs

e Composition rules for extended PDFs
— A RooAddPdf of all extendable PDFs is extendable
» No coefficients needed (fractions calculated from components Nexpected)
— A RooPr odPdf with a single extendable component is extendable

— A RooSi nul t aneous with any extendable component is extendable

e Can do mixed extended/regular MLL fits in various data subsets

« RooAddPdf short-hand form for branching fraction fits

— If RooAddPdf is given N coefficients instead of N-1 fractions
® RooAddPdf is automatically extended
® coefficients represent the expected #events for each PDF comp.

RooGaussi an gauss(“gauss”, ” Gaussi an”, x, nmean, si gma) ;
RooAr gusBG argus(“argus”, "argus”, x, kappa, cut of f) ;

RooReal Var (“nsig”, ”nunber of signal events”, 100, 0, 10000) ;

RooReal Var (“nbkg”, "nunber of backgnd events”, 100, 0, 10000) ;

RooAddPdf sune(“sune”, ” extended sum pdf”, RooAr gLi st (gauss, ar gus),
RooAr gLi st ( : ))
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Class tree for real-valued objects

RooAbsAr g

Abstract value holder

RooAbsReal

Abstract real-valued objects

RooAbsReal LVal ue

Abstract real-valued object
that can be assigned to

RooReal Var
RooLi near Var

RooConvol ut edPdf

Abstract convoluted physics model

RooDecay
RooBM xDecay

RooAbs Pdf RooFor nmul aVar
Abstract probability RooPol yVar
SEmS Ry Umeien RooReal | nt egr al

Hootaussian RooResol ut i onMbdel

oo/ gus =6 Abstract resolution model

RooAddPdf

Eggz;f(ejrl?g:;df RooGauss Model
RooGexphodel
RooAddMbdel
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RooFit users tutorial

Discrete variables

Organizing and classifying your data with discrete functions
Discrete-valued functions

Tabulating discrete data
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Discrete variables

e So far we have expressed all models
purely in terms of real-valued variables

— RooOFit also has extensive support for discrete variables

— Discrete variables are called categories

e Properties of RooFit categories
— Finite set of named states ® self documenting

— Optional integer code associated with each state

At creation,

a category RooCat egory bOflav("bOflav","B0O flavour") ;
has no states bof | av. defi neType("BO", - 1) :

Add states bOf | av. defi neType("BObar", 1) ;

with a label and index

RooCat egory tagCat ("tagCat", "Taggi ng category")
_Add states t agCat . defi neType("Lepton")
W'tlh Z.Iabel ciln:ay t agCat . def i neType("Kaon") :
naiees wirt be t agCat . defi neType(" Net Tagger-1") ;

automatically _
assigned t agCat . defi neType(" Net Tagger -2") ;



When to use discrete variables

e Discrete valued observables
— BO flavour

— Rec/tag mixing state

e Event classification
— tagging category
— run block

— BO reconstruction mode

e (Cuts

— Mass window / sideband window

e In general, anything that
you would use integer codes for in FORTRAN

— Optional integer code associated with category states
allows to import existing integer encoded data

e Self-documenting: category state definitions provide
single and easily understandable integer® state name conversion point
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Managing data subsets / RooSimultaneous

e Simultaneous fit to multiple data samples

— E.g. to fit PDF, to dataset D, and
PDFg to dataset Dg simultaneously, the NLL is

NLL = § - log(PDF,(DL))+ & - log(PDF,(D}))

1=1,n

e Use categories to split a master dataset D
Into subsets D,, Dy etc

Dataset A

iI=1m

5.0

Dataset A+B

3.7

5.0

1.2

3.7

4.3

1.2

Dataset B

4.3

5.0

5.0

3.7

3.7

1.2

WO T[> >|> >

1.2
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Using categories: RooSimultaneous

RooSimultaneous implements ‘switch’ PDF:

case (indexCat) {
A. return pdfA ;
B: return pdfB ;

Create dataset
indexing category

Associate created
PDFs with
appropriate index
category state

Effectively fitting
pdfA to dataA
pdfB to dataB

/] Define a category with | abels only
RooCat egory tagCat("tagCat", "Taggi ng category")

tagCat . defi neType(" Lepton")
tagCat . defi neType(" Kaon") ;

/] Build PDFs for Lepton and Kaon data subsets

/] Construct sinultaneous PDF for
RooSi nul t aneous si nPdf (“si nPdf ", ” si nPdf 7, t agCat )
si mPdf . addPdf (pdf Lep, " Lept on”)

si nPdf . addPdf ( pdf Kao, ” Kaon”)

| ep and kao
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Discrete functions

e You can use discrete variables to describe cuts, e.g.
Sig
— Signal, sideband I
mass windows

3
g

g

— RooThr eshol dCat egory

g

Events /{ 0.1

e Defines regions of
a real variable 500

RooReal Var m(“ni, ” mass, 0, 10.);

10

/1 -
RooThr eshol dCat egory region(“region”,”Region of M, m”Background”);
regi on. addThreshol d(9. 0, “SideBand”) ;

regi on. addThreshol d(7.9, “Signal”) ; Default state

regi on. addThreshol d(6. 1, ”Si deBand”) ; Define region boundaries
regi on. addThr eshol d(5. 0, " Background”) ;

dat a. pl ot On( soneFr ane, Cut ( )
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Discrete functions

« RooMappedCat egory provides cat ® cat mapping

Define input
category

Creat d
reate mappe RooMappedCat egory tagType(“tagType”,”tagCat Type”,

category
tagCat, " Undefi ned”) ;
tagType. map(“Lepton”,” Cut Based”) ;{ Default state for
Add mapping rules t agType. map(“Kaon”, "Cut Based”) ; input states without
tagType. map(“ NT*”, " Neur al Net”) ; mapping rule
tagCat
J tagType
Lepton
CutBased
Kaon
NeuralNet
NT1 :
Undefined
NT2 |
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Discrete functions

« RooSuper Cat egor y/RooMul ti Cat egory
provides category multiplication

Define input
categories

Create super category
RooSuper Category fitCat(“fitCat”,”fitCat”,

bOflav RooAr gSet (t agCat, bOf | av))
BO
BObar fitCat
{BO;Lepton} {BObar;Lepton}

e {B0;Kaon} {BObar;Kaon}
Lepton {BO;NT1} {BObar;NT1}
Raon {BO;NT2} {BObar;NT2}

NT1

NT2
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Exploring discrete data

e Like real variables of a dataset can be plotted,
discrete variables can be tabulated

Tabulate contents of dataset
by category state

Extract contents by label

Extract contents fraction by label

Tabulate contents of
selected part of dataset

RooTabl e* tabl e=dat a- >t abl e(bOfl av) ;
table->Print() ;

BO | 4949
BObar | 5051

Doubl e_t nBO = table->get (“B0") ;

Doubl e t bOFrac

dat a- >t abl e(tagCat, "x>8. 23" ) ->Print ()

Lepton |

Kaon
Net Tagger -1
Net Tagger -2

= tabl e->get Frac(“B0"”);

668
717
632
616
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Exploring discrete data

e Discrete functions, built from categories in a dataset
can be tabulated likewise

dat a- >t abl e(bOXtcat)->Print() ;

Tabulate RooSuper Cat egory states { BObaE B'ée%gﬂ

{BObar;Kaonl 1270

{BO;Leptonl 1226

{ BO; Net Tagger-1
{ BObar ; Net Tagger-1

{BO;NetTagger—Zi 1223
{ BObar ; Net Tagger - 2

dat a- >t abl e(tcat Type)->Print () ;

Tabulate RooMappedCat egor y states Unknown | 0 |

Cut based 5089
Neur al Net wor k 4911
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Class tree for discrete-valued objects

RooAbsAr g

Generic value holder

RooAbsCat egory

Generic discrete-valued objects

RooAbsCat egor yLVal ue RooMappedCat egory
Generic discrete-valued object RooThr eshol dCat egory
that can be assigned to RooMul t i1 Cat egory

RooCat egory
RooSuper Cat egory
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RooFit users tutorial

Datasets

Binned vs unbinned datasets
Importing data from outside sources

Operations on datasets
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An introduction to datasets

e A dataset is a collection of points in N-dimensional space

Dataset structure

Dimensions can be either real or discrete

Two dataset implementations:

 RooDat aSet - unbinned (weighted & unweighted)
 RooDat aH st - binned

Common abstract base class RooAbsDat a

Nearly all RooFit classes/functions (including fitting)
take RooAbsDat a objects

e Operations universally supported for binned and unbinned data

Current row (RooAbsDat a: : get ())

RooReal Var x RooReal Var y | | | Doubl e_t wgt

X Y wgt
1.0 |[6.6 |1
3.5 11.1 |1
2.7 2.2 |1
52 1.1 1

Move current row with RooAbsDat a: : get (i ndex)
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Unbinned dataset basics

Create empty dataset
with fields x,y,c.
Dataset row
representation will be
a clone of (x,y,c).
Original (x,y,c) will no
longer be referenced
after ctor.

To add a datapoint
value holders x,y,c
must be passed

/!l Create dataset vari abl es

RooDat aSet
data("data", "data", RooArgSet (x,y, c))

[/ Fill d with dunmy val ues

d. add( RooArgSet (x,y, c))

d.Print("v") ;
RooDat aSet::d: "d"
Cont ai ns 1000 entries
Defi nes RoOArgSet:: Dat aset Vari abl es:
1) RooReal Var::x: "x"
2) RooReal Var::y: "y"
3) RooCategory::c: "c"
Caches RooArgSet:: Cached Vari abl es:



Unbinned dataset basics

Access the pointer to /]l Retrieve the ‘current’ row
the RooAr gSet RooArgSet* row = data.get() ;
holding the current row row->Print(“v”) ;
RooOAr gSet : : Dat aset Vari abl es: (Oming contents)
1) RooReal Var::x : 9.0000 L(-10 - 10)
2) RooReal Var::y : 31.607 L(O - 40)
3) RooCategory::c : Plus

Load row #900 in the /Il Retrieve a specific row

RooAr gSet holding the row = d?t a. get (900) ;
current row row->Print(“v”) ;
RooOAr gSet : : Dat aset Vari abl es: (Oming contents)

1) RooReal Var::x : 8.0000 L(-10 - 10)
2) RooReal Var::y : 30.000 L(O - 40)
3) RooCategory::c : Mnus

/Il Retrieve a specific field of the row
Find value holder for x = RooReal Var* xrow = (RooReal Var*) row >find(“x") ;
In the current row - cqut << xrow >get Val () << endl :
8. 0000
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Weighting unbinned datasets

Instruct dataset
to interpret y as
the event weight

Variable y is
no longer in the
current row

Current value
of y is returned
as the event weight

/] Print current row and wei ght of dataset
row->Print(“v”) ;
RooOAr gSet : : Dat aset Vari abl es: (Oming contents)
1) RooReal Var::x : 8.0000 L(-10 - 10)
2) RooReal Var::y : 30.000 L(O - 40)
3) RooCategory::c : Mnus
cout << data.weight() << endl ;
1. 0000

/]| Designate variable y as the event wei ght
dat a. set Wei ght Var (vy)

/'l Retrieve sane row again

row = dat a. get (900) ;

row->Print(“v”) ;

RooOAr gSet : : Dat aset Vari abl es: (Oming contents)
1) RooReal Var::x : 8.0000 L(-10 - 10)
2) RooCategory::c : M nus

cout << data.weight() << endl ;
30. 0000
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Importing data

e Unbinned datasets (RooDat aSet ) can be constructed from
— ROOT TTr ee objects

» RooRealVar dataset rows are taken /D /F /1 tree branches with equal names

e RooCategory dataset rows are taken from /1 /b tree branches with equal names

Ttree* = <soneTFi | e>. Get (“<soneTTree>") ;
RooDat aSet data(“data”, "data”, , ROOAr gSet (x, c));

— ASCII data data files
= ASCII file fields are interpreted in order of supplied RooAr gLi st

RooDat aSet* data =
RooDat aSet : : read( “ ", RooArgList(x,c)) ;

Implicit selection: External data may contain entries that
exceed limits set on RooFit value holder objects
- If a loaded value of a RooReal Var exceeds the RRVs limits,
the entire tree row is not loaded
- If a loaded index of a RooCat egory is not defined,
the entire tree row is not loaded
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Importing data

e Binned dataset (RooDat aH st ) can be constructed from
— ROOT TH1/ 2/ 3 objects

e TH dimensions are matched in order to
supplied list of RooFit value holders

TH2* = <your THi stogranp ;
RooDat aH st bdat a(“bdata”, ” bdat a”, RooAr gLi st (x,y),

— RooDat aSet unbinned datasets

e Binning for each dimension is specified by
set Fi t Range(l o, hi ), set Fi t Bi ns( nbi ns)

e The unbinned dataset may have more dimensions
than the binned dataset.
Dimensions not specified are automatically projected

RooDat aSet * = <your Unbi nnedDat a> ;
RooDat aH st bdat a(“bdata”, ” bdat a”, RooAr gLi st (x,y), )
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Extending and reducing unbinned datasets

e Appending

RooDat aSet d1(“dl”,”dl”, RooArgSet (x,Vy, 2));
RooDat aSet d2(“d2”,”d2”, RooArgSet (x,VY, z2));

di. (d2) :

e Merging

RooDat aSet d1(“d1”,”d1”, RooAr gSet (X, Y)
RooDat aSet d2(“d2”,”d2”, RooArgSet (z)) ;

di. (d2)

e Reducing

RooDat aSet d1(“d1”,”d1”, RooAr gSet (X, Y, z)

RooDat aSet* d2 = dl1.

RooDat aSet * d3 = d1.

(RooArgSet (x,VY));

(“x>1");

e

N[RN[R (X

Alw|rdlw(<

O |0 |0 (01N

=)

Z
5:>1
2

Z
5
6 || >
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Adding and reducing binned datasets

yl

y2

i Addlng w |yl |y2
RooDat aHi st d1(“d1”,”d1”, x1 |0
RooArgSet (X, Y));
RooDat aH st d2(“d2”,”d2”, X2 0
RooAr gSet (X, Y));
w vyl |y2
d1. add(d2)
x1 |0
. X2 0
e Reducing
RooDat aHi st d1(“d1”,”d1”, wo|yl |y2
RooAr gSet ( X, y)
x1 |0 |1
RooDat aH st* d2 =
di. (X): x2 |10
RooDat aH st* d3 = w |yl |y2
di. (“x>1");
x1 |0 |1
x2 |1 |0

\_>x1

X2

|::>x1

X2

yl

y2

|::>x1

X2
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RooFit users tutorial

Fitting & Generating

Fitting
Browsing your fit results
Generating toy MC
Putting it all together
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Given a model, fitting and generating are

1-line operations

A RooPlot of "x"

aussian PDF
aussian
8 &

Projegtion of
=
o

Works for any PDF

dat a

gauss. gener at e( x, 1000)

A RooPlot of "x"

Events /(0.2 )

n

a

=]
I

[

=]

=]
I

[N

=]

=]
I

-
@
=]

o
=]

a
(=]
(=]
T

Lo

A RooPlot of "x™ SLLLLLLLLLLLLLLLLLLLLLLLLLL -
— ;[ sigma = 2.990 * 0.02 :
o300 = ;| mean = 0.9956 +0.03 :
Mt AT s s IS EEEEEEEEEEEQREEEEER 1

-0 8 & 4 2 0 2 4 6 8 10

Binned or unbinned maximum likelihood fit

fitResult = gauss.fitTo(data)

Interface to MINUIT for fitting

COVARI ANCE MATRI X CALCULATED SUGCCESSFULLY

FCN=25054. 9 FROM HESSE STATUS=CK 10 CALLS 69 TOTAL
EDMV=3. 65627e- 06 STRATEGY= 1 ERRCR MATRI X ACCURATE
{T PARAMETER | NTERNAL | NTERNAL
NO, NAVE VALUE ERRCR STEP SI ZE VALUE
1 nean -9.95558e- 01  3.01321e-02  6.59595e-04 - 9.95558e- 01
2 sigma 2.99001e+00  2.20203e-02 9.66748e-05 2.99001e+00
ERR DEF= 0.5
EXTERNAL ERRCR MATRI X. NDI M= 25 NPAR= 2 ERR DEF=0. 5

9.079e-04 -1.787e-05
-1.787e-05 4.849e-04
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Fitting

RooFi tResult* fitres = pdf->fitTo(*data,”<options>") ;

— Binned/unbinned fit performed depending on type of dataset
(RooDat aHi st/ RooDat aSet )

— Fitting options:

"m' = MIGRAD only, i.e. no MINOS
MINUIT "s" = estimate step size with HESSE before starting MIGRAD
control "h" = run HESSE after MIGRAD
options "e" = Perform extended MLL fit
"0" = Run MIGRAD with strategy MINUIT O (faster, but no corr. matrix at end)
Does not apply to HESSE or MINQOS, if run afterwards.
g" = Switch off verbose mode
| * = Save log file with parameter values at each MINUIT step
out.put "v" = Show changed parameters at each MINUIT step
options  w¢» = Time fit
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Automatic fit optimization

e RooFit analyzes PDF objects prior to fit
and applies several optimizations

— Actual fit performed on copy of PDF and dataset

e Allows case-specific non-reversible optimizations

— Dataset variables not used by the PDF are dropped

— Simultaneous fits:

e Lazy evaluation: calculation only done when intergral value is requested

e Little or no need for ‘hand-tuning’ of user PDF code

— Easier to code and code is more readable

e ‘Typical’ large-scale fits see significant speed increase

— Factor of 3x — 10x not uncommon.
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Browsing fit results with RooFi t Resul t

e As fits grow in complexity (e.g. 45 floating parameters),
number of output variables increases

— Need better way to navigate output that MINUIT screen dump

e RooFi t Result holds complete snapshot of fit results
— Constant parameters
— Initial and final values of floating parameters

— Global correlations & full correlation matrix

— Returned from RooAbsPdf::fitTo() when “r” option is supplied

e Compact & verbose printing mode
Compact Mode

Constant fitres->Print() ;
parameters
omitted in RooFit Result: mn. NLL value: 1.6e+04, est. distance to mn: 1.2e-05
compact mode _ _
Fl oati ng Paraneter Fi nal Val ue +/- Error
. ar gpar -4.6855e-01 +/- 7.11e-02
Alphabetical g2frac  3.0652e-01 +/- b5.10e- 03
parameter meani 7.0022e+00 +/ - 7.1le-03
listing mean?2 1.9971e+00 +/- 6.27e-03
si gma 2.9803e-01 +/- 4.00e-03



Browsing fit results with RooFi t Resul t

Verbose printing mode
fitres->Print(“v”) ;

RooFitResult: mn. NLL value: 1.6e+04, est. distance to mn: 1.2e-05

Const ant Par anet er Val ue
cut of f 9. 0000e+00 Constant parameters
glfrac 3. 0000e- 01 listed separately
Fl oating Paranmeter |nitialValue Fi nal Val ue +/- FError ol Corr.

ar gpar -5. 0000e-01 -4.6855e-01 +/- 7.1l1le-02 0.191895
g2frac 3. 0000e-01 3.0652e-01 +/- 5.10e-03 0.293455
meanl 7.0000e+00 7.0022e+00 +/- 7.11e-03 0.113253
mean?2 2. 0000e+00 1.9971e+00 +/- 6.27e-03 0.100026
Si gna 3. 0000e-01 2.9803e-01 +/- 4.00e-03 0.276640

Initial,final value and global corr. listed side-by-side

Correlation matrix accessed separately
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Browsing fit results with RooFi t Resul t

e Easy navigation of correlation matrix

— Select single element or complete row by parameter name

r->correlation("argpar", "sigm")
(const Double t)(-9.25606412005910845e-02)

r->correlation("nmeanl")->Print("v")
RooArgLi st:: C[ neanl, *]: (Oming contents)

1) RooReal Var:: (] neanl, argpar] : 0.11064 C

2) RooReal Var:: ([ neanl, g2frac] : -0.0262487 C
3) RooReal Var:: (] neanl, neanl] : 1.0000 C

4) RooReal Var:: ([ neanl, nean2] : -0.00632847 C
5) RooReal Var:: (] neanl,sigm] : -0.0339814 C

* RooFi t Resul t persistable with ROOT 1/0

— Save your batch fit results in a ROOT file and navigate
your results just as easy afterwards
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Visualize errors and correlation matrix elements

RooFitResult* r = pdf->fitTo(data,”nhvr”) ;

RooPl ot* f = new RooPl ot (tau, signmal, 1. 35,1. 6, 0. 85, 1. 20) ;
r->plotOn(f,tau, sigmal, "MeE12VHB") ;

f->Draw() ;

"‘-.-.-.

0.95—

0.9—

MINUIT contour scan i -1 0

; ; ; | | | | | | |
Is also possible with 0.85 = 1.4 1.45 1.5

a separate interface
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Generating ToyMC

e Normal generator run

— Just specify set of observables to generate and #events

RooDat aSet * t oyMCdat a = pdf - >gener at e( RooAr gSet (dt, m xSt at e), 10000) ;

#Hevents
Observables to generate

e Generator run with prototype data

— Specify set of observables to generate and a prototype dataset

RooDat aSet * t oyMCdat a = pdf - >gener at e( RooAr gSet (dt, m xSt at e), *pr ot oDat a) ;

Observables to generate Prototype
dataset

— ldeal for per-event errors, tagging breakdown, ...
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Automatic generator optimizations

e Most efficient generator technique automatically selected

PDF components can advertise a smarter generation technique
(direct generation, e.g. gauss) which is used when appropriate

RooPr odPdf delegates generation of observables to component PDFs
(1 x N-dim generation ® N x 1-dim generation)

RooAddPdf components generated separately
Accept/reject method very inefficient when broad and narrow
distributions are summed

RooConvol ut edPdf generates physicsPDF and smearing model
separately if both support ‘direct’ generation
(convolution integrals not evaluated during generation)
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Putting it all together: generating and fitting a decay PDF

RooReal Var dt("dt","dt",-20, 20) :
RooReal Var tau("tau","tau", 1.548, - 10, 10)

RooReal Var bi as("bi as", "bias",0,-5,5)
RooReal Var sigma("sigm","sigm", 1, 0.1, 2.0)
RooGaussModel gn("gnt', "gauss nodel ", dt, bi as, si gma)

RooDecay decay(“decay", "decay", dt,tau, gm RooDecay: : Doubl eSi ded)

RooDat aSet *data = decay. gener at e(dt, 2000)

[ ARooPlot of "dt’ |

RooFi t Resul t* r = decay.fitTo(*data,”mhr”) o oss s01
r->correl ati on( Si gna, t au) ; 250 bias1 = 0.007 0.0

- 0. 818443

Events /(0.4 )

g

Lo g
ot T | T | T | T ‘ T | T

RooPl ot* dtframe = dt.frame(-10, 10, 30)
dat a- >pl ot On(dt franme) ;

pdf . pl ot On(dtframe) ;

pdf . paranOn(dtfrane) ;
dtframe->Draw) ;

g

a
=]




RooFit users tutorial

Plotting & Saving

Adding statistics, parameter boxes
Changing colors and styles
Plotting in 2 and 3 dimensions

Persisting plots & fit results
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Changing the plot range / histogram binning

e By default a RooPl ot frame takes the limits and the
number of bins from its plot variable

— Can be overridden by frane() arguments

RooPl ot * franel x. frame().--

RooPl ot* franme2 = x.franme(-2, 2),

RooPl ot * franme3 x. frame(10) -

RooPl ot * frame3 = x.franme(-2, 2, 10)s «W




Decoration

e A RooPlot is an empty frame that can contain

— RooDataSet projections

— PDF and generic real-valued function projections

e Adding a dataset statistics box / PDF parameter box

RooPl ot* frame = x.franme()

dat a. pl ot On( xf r ane)
pdf . pl ot On( xf r ane)

xframe->Draw)

| A RooPlot of "x"

Events /(0.2 )
v
=

g

g

300 —

?

sigma = 3.043 1 0.02
mean = -1.0112 £ 0,03

N = 10000

<x» = -0.997% £ 0.03
Xpus = 3017 £0.02




Decoration

e Adding generic ROOT text boxes, arrows etc.

TPaveText * = new TPaveText (0.3,0.1,0.6,0.2,"BRNDC") ;
t box- >AddText ("This is a generic text box") ;
TAr r ow* = new TArrow 0, 40, 3, 100) ;

xframe2->addObj ect ( ) 7
xf rame2->addObj ect ( )

| A RooPlot of "x"

sigma = 3.043 *0,02

300 — mean = -1.0112 0,03
} N = 10000 I

<x> = -0.9975 *0.03
Kppg = 3.017 0.02

Events /{ 0.2 )
M
2
|

150 —

100 —

This is a generic text box




Customization

e Changing colors and styles of histograms and curves
sum >pl ot On( xf r ane, Conponent s( RooAr gSet (ar gus)),
DrawOption("F*), FillColor(kGeen))

sum >pl ot On( xf r ane, Conponent s( RooAr gSet ( ar gus, gauss?2)),
Li neStyl e( kDashed))

sum >pl ot On(xfranme, LineCol or( kRed)

| A RooPlot of "x" p

g

g

Events /(0.1

g

S00




Plotting in more than 2,3 dimensions

e No equivalent of RooPlot for =1 dimensions
— Usually =1D plots are not overlaid anyway

— Methods provided to produce 2/3D ROOT histograms
from datasets and PDFs/functions

TH2* ph2 = x.createH stogran{"x vs y pdf",y,0,0,0, bins) ;
prod.fill H stogranmph2, RooArgList(x,y))
ph2->Dr aw( " SURF") ;

TH2* dh2 = x.createH stogran("x vs y data",y, 0,0, 0, bins) ;
data->fil | H st ogranm(dh2, RooArgList(x,y)) ;
dh2- >Dr aw( " LEGO")

|Histuqram of xvs ydata = Yl xva ydate_ x|

Hent = 0
Mean x - 1.994

Histogram of x vs y pdf x ¥

xvaypdf_ x
Hewt = 0
Mean x - 1.996

v

Mean p = DEX]E
RMS5 x = 1.003
RMSy - 2632




Persisting and reviving RooPl ot s

e Persisting

RooFit Result* r ;
RooPl ot * xfranme ;

Tfile f(“denmp2.root”
" RECREATE")
r->Wwite() ;
xframe->Wite() ;
f.Cl ose() ;

e Reviving

Tbr owswer t b#; /

//’
RooFitResult* r = A’/
f.Get(“fit(data, sum”)

r->Print(“v”) ;

RooFi t Result: mn. NLL val ue:

Fl oati ng Paraneter

ar gpar

Fi nal Val ue +/ -

-4.6855e-01 +/-

1. 6e+04,

ROOT Object Browser - B X
Eile Wiew DQptions Help
£5 demoz.root j E e-e: | 1S5
&l Folders | Contents of "/ROCT Files/demoZ root"
|:|r|:u:|t
|:|J‘afsislac.stanﬂ:urd.edu.l‘u.fec.l‘verk
[LJROOT File Y,
iy ———— fitézf,surnDatall  frame!089daH40 1
eemo2 ros = ?‘
A /
/ g
/ / ‘\\
4| | »
[ i// \
|2 Obijects, // | \ v
rd ‘\
L Y
,//// | Anﬁgtf"~ | N\
P
v ~
5800—
Emo;
“ﬁsm;
, 500
400_—
300_—
200_—
Error wr
0
""""""""""""" 0 )10
7.11e-0
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Storing configuration data in ASCII files

RooAr gLi st s can be written to and read from ASCII file

— Convenient to load initial values of fit parameters

set.Print(“v”)
gSet : : paraneters:

RoOOAr
1)
2)
3)
4)
5)
6)
7)

RooReal Var : :
RooReal Var: :
RooReal Var : :
RooReal Var:
RooReal Var : :
RooReal Var :
RooReal Var :

set. mmlteToFlle(“conflg txt”)

///f config.txt
argpar = -0
cutoff = 9.0000 C
glfrac = 0.30000 C
4 92frac = 0.30652 +/ -
. meanl = 7.0022 +/-
{ mean2 = 1.9971 +/-
sigma = 0.29803 +/-

\

set.readFronftil e(“config.txt”)

0. 00510 (-0.00509,
0.00711 (-0.00712,
0. 00627 (-0.00628,
0. 00400 (-0.00396,

0. 00510 (-0.00509, 0.00511)

argpar : -0.468507 +/ -

cutoff : 9.0000 C

glfrac : 0.30000 C

:g2frac : 0.30652 +/ -

meanl : 7.0022 +/- 0.00711 (-0.00712, 0.00710) L(O -
: mean2 1.9971 +/- 0.00627 (-0.00628, 0.00626) L(O -
. Si gna 0. 29803 +/ -

0. 00400 (-0.00396, 0.00403)

. 468507 +/ - 0.0711 (-0.0713, 0.0710) L(-2 - 0)

0. 00511)
0.00710) L(O - 10)
0.00626) L(0 - 10)
0. 00403)

0.0711 (-0.0713, 0.0710) L(-2 - 0)

10)
10)

Wouter Verkerke, UCSB



RooFit users tutorial

Documentation

RooFit home page
Tutorial macros

Inline code documentation
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How to get started / documentation

Starting point for all documentation is the RooFit homepage

http://roofit.sourceforge.net
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Online tutorials

EEH Metscape: RooFit Online Tutorials |E|EE|

File Edit “iew Go Communicator Help Cover a” tOpICS Of thlS
14 & 3 & a 5 & O presentation and more

Back Forward  Reload Home Search Metscape Print Security Shop
| w§” Bookmarks M Location: fhttp: //roofit. sourceforge net/tutorials. htnl z @37 What's Related
..........
macro references
IIb - Plotting provided on slides
The Plotting tuterial focuses on various aspects of plotting datasefs and probability density
functons.
Techniques to project rult- dimensional PDF onte 1-dimensions plots are covered in depth. '/ <& Netscape: Using variable binning
This tutorial assumes familiarity with in material covered in the introductory tutorial and some /‘ e Help
hands-on experience Vg b : e -
1 4 w3 a2 = W
& Outling l/ #  Back  Forward  Reload Home Search Metscape Print  Security  Shop _
© Features of class RooPlot ‘// '| wf” Bookmarks A Locatian: [http - //mw slac stanford. edu/BFRO0T Arrw/Gon 7| @517 What's Related
O Projections and normalization e == T
3] ﬁzﬂng fi]ices. band, regions {also covers PDF projections with a cut on the RooFit Toolkit for Data Modeling V0o-01-63 Version
ood)
© Plotting components (signal, bkg ete) of composite PRA's Using variahle bil‘ll‘lil‘lg
O Asymmetry plots, 2D plots, likelihood scens and sdhtours
/’ f/ variable bin size
& Presentation (59 pages) 7 ?10“ O
o Web Sl]lfl& show /l' // Build a sinple decay PDF
o PDFfile . RooRealvar dt{"dt","dt",-20,20) ;
© PowerPoint file RooRealvar dm("dm", "dm" 0.472) ;
- / RooRealvar tau("tau”,"tau”,1.5472 ;
. . ’ RooRealVar wi"w","mistag rate",0.12 ;
® Macros (plain source files) / RooRealVar dw{"dw","delta mistag rate",0.3 ;
1, Using variable binning RooCateqory mixState("mixState”, "BO/BObar mixing state™) ;
2. Plotting a PDF _131"0]'&ct'mn‘_sqE a subset of the event sample m ig:ﬁg%: : g:im:%ggg ..Bmfgeaﬂ 1))5 ,
3. Plotting with a cut on the likebhood RooCategory tagFlav( tagFlav", Flavour of the tagged BO") ;
4. Plotting slices of simultsneous s %agﬂ av‘ge]ﬁjmepbegﬂggéq ;1)
., agrlay ., derinelvpe ar .- H
o,
\\ /7 Build a gaussian resolution model
N, RooRealVar dterr("dterr”,"dterr”,0.1,1.0) ;
- - e RooRealvar biast1{"bias1","bias1",02 ;
IIC Managmg complex ﬁtS S, RooRe ar sigmal{"sigmal","sigmal",0.12 ;
\- RooGaussModel gmi1{"gm1", "gauss model 1",dt,biast,sigmall ;
This ;zf”“jzmﬁe?;iy mc;mp{er? Rde.va'qtSe?‘meiltdofﬂéereugﬁﬁdvagceggg?nal have been /7 Construct a decay PDF, smeared with single gaussian resolution mo
moved here, A complete and révised Fersion 1s expected to be avalla E.‘ii‘l\Ep ' RooBMixDecay bmix("bmix", "decay", dt,mixState,tagFlav,tau,dm,w,dw,gmi
N,
» Qutling “\ // Generate BMixing data with above set of event errors
o Automated PDF bullding ‘\ RooDataSet *data = bmix.generatelRooargSetidt, mixsState,tagFlavl, 2000
\,
M Siranltanenne fite ta nearlr identies]l BT He \}A f7 *** Plot mixState asymmetry with variable bin sizes *#*
100% i <3 iy =
E| z % E:A'_ (=) /7 Create binning object with range (-10,10)
S RooRinning ahins{-10.107% . i
\\ ~ i =
= kN




HTML class documentation
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File Edit View Go Communicator Help Same format as ROOT
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X Prebuilt version on web,
Home Page of the RooFit Toolkit for Data -
Modeling easy to build your own

for very latest version
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Online Tutorials

el etsoape-meniene S

We currently have over 250 pages of Powerpoint slides divided over 5 tuterlal prese :F"‘EE“ “: i ;mmhm A u sl
tutorial page, Each tuterial is accompeanied by a set of tuterial macrosfiat serve as ;_ & a =+ &
examples of the various concepts that are covered in each tutori i - I e

\ . : . p I " Boakeais § Locat e p— £ BRI e gt g S CE £ L L T Shtml i Fomkba P E T W Ridalgad
you have never worked with RooFit or are interested to advape® your RooFit skills. ‘-:_‘f‘ i sl Al AN i s P R e T

Class reference ii:\;f'iﬂ!' pebiniFrallat *frame, Opten t* drawOptens, Dokl © scaleFactor, Scake Type sype. vonst Boodbelratn® projDiats, cons: oo firafet® projfies)

Reference information for all RooFit classesd
class reference for native ROOT class

ava.i.lableinTHtr.rl—styleweb pages, s Flet autsalf on “fram’ . In addition e features detallad n EogsboRand: (pletinds
8

- the =zcale factor for & PDF can be dnterpreted 4n thre= differant sayvs. Th= 1nterpréta.t1on
e class reference for the latesttags is a5 controlled by ScalaTves

Relative - Scale factor s appliad on top of PDF rarmalization scale facior
MumEvent - Scale factor 15 Anterpreted as a muob=r of avents. The surface area
wrdar the POF curve w111 match That of a histogran containing the specifiad

#» RooFit Class Index by Narm

# RooFit Class Index by Topic of mvent
& ROOT 302-07 Class [ndex b Baw - Szale factor 1% applied to the raw (prodectad? probabllity density

Mot too useful, cption providsd for conpletensss,

Version history BiaPlat* et HILL Qs Flet™ trune, BasgaSce” duta, Oyl 5 deaw Cptaie, Dankl,§ pees, Bl f el TeZera)

FloT the negative 1oa 11kalihacd of cirself when applied on the given data se1,

To identify changes between different tags of the Fit packages, use the CVSwel  az finction of the plot variable of the frane.

the code repository

B Pl * e Cn R Phat* frarve, carst BapabaDaty® dota, carst chor *label, Iif,_{ s1gTgHs, Optlen & “options, Dieuble {emin, Dupble e Dobz |
» RooFitCore x|
» BooFitlodels

&dd a text box with the current paran=ter values and their arrors to the frans.
Capardents oF this POF appearing 10 the ‘data’ datazet #1171 b= anitted

fotiomal Tabel wi171 b2 irgertad as FireT Tine of Tha Text 0K, U@ “slgbigite’
to modify the dafault pupber of significant digits prirted. The “=min, smax,vns’
wvalues gpacify the inital relative poaition of The Text box in the plot frame

Experiment-specific RooFit pages
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=T o THLF* pltiLLContours (Fea AbsDizta s dats, RoaPealVard: vecl, ReoRealVard weel, Dovble tol, Double tod, Daghle tnl

Make & one or more 20 comtour Times at ni,nz and N2 sigma from the mindmun in the “varl® ws ‘varz’ pla
= e
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