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Data Visualization in RooFit - Overview
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RooFit users tutorial

1-Dimensional plots

The basics
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1-Dimensional plots — class RooPI ot

1-Dimensional plots are most frequently used
and have special support in RooFit via the RooPlot class:

e Derives from TH1 for implementation of graphics, axes etc...

— Container class for plotable objects: doesn’t contain any data itself,
TH1 member functions operating on data are non-functional

— Persistable with ROOT 1/0 (including contents)
e Hold a list of objects to be plotted
— Datasets (represented as histograms)

— PDF projections (represented as curves)
— Any other TQoj ect that can be drawn (e.g. TArrow, TPaveText)

e Takes care of normalization PDF projection curves

— Unit-normalized curve is automatically multiplied by number of events of last
plotted dataset

e Facilitates automatic projection of PDFs onto plotted observable
— RooPlot knows plotted observable and all observables of last plotted dataset.

— PDF are automatically
» Normalized over all known observables
 Projected over all known observables except the plotted observables

Wouter Verkerke, UCSB



Using RooPl ot — the basics

RooReal Var x(*x”

xframe->Draw) ;

/

A RooPl ot class is easiest created from a RooReal Var

, "magi c x”,-10,10);
RooPl ot * xframe = x.frame()

A RooPlot of "magic x"

y ;
{ T\
Nl ;E \“
0.5_— “
/'l To change title . B E
xframe->Set Nane( “bl ah”) ; \“*-...‘l;__ /i
-0.5:—
] Title of RooReal Var
T B P B | |..|,/./.|...|...
a0 88 6 4 =2 0 2 4‘..,_!;___> L
e A
/[l Alternate frame() nethods T
/1 change default range, binning Default plot range = limits of x
RooPl ot* xfranme = x.franme(-5,5) ;
RooPl ot * xfranme = x.frane(40) ;
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Using RooPl ot — Adding datasets

/'l d contains X, Y, 2 [__ARoaoPlot of "x" | ]
RooDat aSet *d ; /\ Poisson
d->plotOn(frame)”; errors

frame->Draw() ;

n
o
o

Events/(/.2)
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/1 list frame contents U
frame->Print(“v”) ;
RooPl ot : : franme(088aa410): "A RooPl ot of "magic x""
Pl otti ng RooReal Var::x: "magic x"
Pl ot contains 1 object(s)

(Options="P"') RooH st::gbhata plot_ x: "H stogramof gData plot_ x"

/[l Addi ng a dataset al so updates
< /] the set of nornmlization observabl es

frame- >get Normvars()->Print(“1") ;

(X,y,2)
PDFs added after this dataset that depend on y,z
will be normalized & projected over y,z
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Using RooPl ot — Datasets and binning

Default binning [ ARooPiotof x|
RooDat aSet *d ; gaoo— H?
d- >pl ot On(frane) -~ £ | #HH} ﬂﬁ
frame->Draw() ; g0 M% %#ﬁ
150 E#ﬁ {ﬁﬁ
Custom (non-uniform) binning 100/ # #H'}f&
50_— #
RooBiI nni ng b(_ 10’ 10) ! OM

=
-]
&
IS
f
o
r
IS
o
@
=

b. addBoundary( 0. 5) ; Automatic bin content

[ ARooPlotof"x" | adjustment according
‘ o OF to bin size
b. addBoundar yPai r ( 1) So00 )
b. addBoundaryPair(2) ; s f B
g0 ¥
H: +
b. addUni f or (2, - 10, - 2) ; = +++
b. addUni f or n( 20, 2, 10) ; a0 — '
RooDat aSet *d ; 200 @@@M
d- >pl ot On(frane), Bi nni ng(b)) ; .
frame->Dr av\,() : % & s/ 4 2 o 2 4 8 10

X
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Using RooPl ot — Adding PDF projections

/| pdf depends on x,vy,z
RooAbsPdf * p
p->pl ot On(frane) ; --—""

RooAbsReal : :plotOn(f) plot on x\i ntegrates over variables (y, z)
frame->Draw() ;

Adaptive spacing

of curve points

[ ARooPIO of “magic x*_| to achieve 1%o0
Automatic because RooPlot 3 3 precision
remembers dimensions of 3 !u
last plotted dataset (x,y,z) g0 ZiRY

/[l list frame contents
frame->Print(“v”) ;
RooPl ot : : frame(088aa410): "A RooPl ot of "magic x""
Pl otti ng RooReal Var::x: "nmagic x"
Pl ot contains 2 object(s)

(Options="P") RooH st::gbhata plot_ x: "H stogram gf gbata pl ot x"
(Options="L") RooCurve::curve gProjected: "Projection of g"

.
(4.
o o
L DL L L L L

Wouter Verkerke, UCSB



Using RooPl ot — Adding PDF projections

Change
draw option

(e.g. ‘Fill")

Modify
the default
normalization
INn various
ways

(Re)define
manually
which of the
PDF variables
are observables

p->pl ot On(xframe, DranwCption(”F"))

/] Correction w.r.t default normalizati on
p- >pl ot On(xframe, Norn(0.7)) ;

[l Override nunber of events for PDF nornmmlization
p- >pl ot On( xf rame, Nor n{ RooAbsReal : . Nuntvent , 10000)) ;

/] Use expected nunmber of events of extended PDF
p- >pl ot On( xf rame, Nor n{ RooAbsReal : : Rel at 1 veExpected, 1. 0))

/| Raw scale factor (no bin width correction is applied)
p- >pl ot On( xframe, Nor n{ RooAbsReal : : Raw, 5. 27));

/'l No variables are projected by default when PDF
/] is plotted on an enpty frane

/] Enter customdefinition of observabl es
xf rame- >updat eNor nvar s( RooAr gSet (x,vy,z)) ;
p- >pl ot On( xfrane) ;
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Other RooPl ot features

Change attributes of last added plot elements

frame->get Att Li ne()->set Li neCol or ( kRed)
frame->get Att Mar ker () - >set Mar ker Type(22)

Change the plotting order of contained objects

frame->drawAfter (“obj ect Nanel”, " obj ect Nane2”) ;

Add non-RooFit objects

Use
TArrow *a = new TArrow0,0,5,7) ; frame->Print(“v”)
frame- >addObj ect (a) ; to see list of object
names

Merge contents from another RooPlot

frame->nerge(frame2) ;

Curve/histogram c? calculation

frame- >chi Square() ;

frame- >chi Squar e(“curveNane”, " hi st Name”) ;
Wouter Verkerke, UCSB



RooFit users tutorial

Projecting out dimensions

Projection via Integration
Projecting discrete vs real observables
Projection via data averaging

Mixing projection methods
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Projecting out hidden dimensions - Integration

e PDF is always

— Normalization set n = variables PDF and dataset have in
common

e PDFis

— The plot variable set x = the plotted dimensions of the PDF
(for a 1-D RooPlot this is always 1 variable)

— The projection setp isn — X
— The projected PDF function is

Projected

(‘)f (7(, I_j observables
of (X ﬁ)tted

Wouter Verkerke, UCSB
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Projecting out hidden dimensions

e Example in 2 dimensions
— 2-dim dataset D(x,y)

— 2-dim PDF P(x,y)=gauss(x)*gauss(y)
e 1-dim plot versus X

OP(X, y)dy
OP(X, y)dxdy

Po(X) =

e 1-dim plot versus y

AO(X, y)dXx
P, (1) =2




RooProdPdf automatic optimization

X) = oI (x)g(y)dy _ Q(X)fﬂm _ 9(®
p()g(y)dxdy  g(x)dxc y  p(x)dx

p

A RooPlot of "y"
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Projecting out discrete observables

e Works the same way as for real observables

— Projected discrete dimension i1s summed over all its states
e Example: B-Decay with mixing

— dataset(dt,mixState) & PDF(dt,mixState)

— 1-dim plot versus dt: oo -

HP(t, M)dM P
R(t) = \Op o
Use summation -~ ()O(t’ M )dth ::_
iInstead of int ti o -
“for discrete states a pt,M)
— msS 80
; Q Y sn;—
e a opt, M)dt
Expand summation \\ mS ok

\‘5 pmixed (t) T punmixed (t) - | |

20 -15 rmjﬂn 5 10 15 20

Projection works universally for real and discrete observables
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Projecting out observables — Data averaging

e An to project out observables is
to construct a data weighted average function:

Integrate over y Sum over all y; in dataset D
OP(X, y)dy 13N p(xy,
P.(x) = \op P()=—& \p( ¥i)
OP(x, y)dxdy N o op(x y,)dx

e The summed variable (y) is treated as a parameter

— PDF is not normalized over y in above example

e Can be used to cancel the effect of a disagreement
between data and PDF in a projected observable

— Example:
PDF is usually flat in dtErr, distribution in data is usually peaked.

Wouter Verkerke, UCSB



Selecting data averaging as the projection method

The Proj WDat a() modifier
overrides
the projection method of
selected variables:

[/ PDF and data defi ned el sewhere,
/| observabl es:dt,dtErr, m xSt ate

Observable dt err will be

/|l Create frame and plot data as usual averaged over the values
in dataset pr oj Dat a

[/ Plot bmxPdf, projecting dterr wth data
bm xPdf - >pl ot On(dtfrane, Proj VWDat a(dterr, proj Data)) ;

RooAbsReal : : pl ot On(bm xPdf) plot on dt averages
usi ng data variables (dtErr)

Pr oj WDat a only controls how observables
are projected. It does not override which
observables are projected



Example: integration vs. data averaging on per-event errors

Special property of per-event errors:
Distribution in data and PDF do not agree

Integrating out per-event errors

RooPl ot * dtFrane = dt.frane()

dat a- >pl ot On(dt Frane) ;

bm xPdf . pl ot On( dt Frane) -
dt Fr ame->Dr aw()

Projecting per-event errors with data

RooPl ot * dt Frane = dt.frane()

dat a- >pl ot On( dt Frane) ;
bm xPdf . pl ot On( dt Fr ane,

Proj WDat a(dterr, proj Data));

dt Fr ame->Dr aw()

A RooPlot of "dt'
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Selecting data averaging as the projection method

e Projection via data averaging may be
applied to observable

— Also discrete valued observables

e Choosing data averaging instead of integration changes
the meaning of the projected function

— The theoretical model / experimental data distinction is blurred:

— Often applied to non-physics observables (e.g. per-event errors)

e Shape of per-event error distribution irrelevant to physics and may be hard to
model correctly in a PDF

— Can also to applied to well-modeled physics observable:

Example: plot dt distribution of B-mixing PDF while

e projecting the mix state via integration —
True model/experimental data comparison

e projecting the mix state with data averaging -
Compare only dt shape aspect of model with data

Any effects that purely arise from PDF/data discrepancy in Bo/BO
counter are taken out Wouter Verkerke, UCSB



Data average projection - Performance

e Data-averaged projections can be
— Effectively the sum of N curves is plotted (N = #evts in projection dataset)
e Projections with large datasets can be accelerated enormously
by using
— Works the same way, just provide a binned dataset

RooPl ot* dt Frame = dt.frame() ;
dat a- >pl ot On(dt Frane) ;

bmi xPdf . pl ot On( dt Fr ane, )i

— Minor loss of precision may occur, but with sufficient data and a prudent
binning net loss may be less than plotting precision

— Example: unbinned projection with 20K events: 51.2 sec
binned projection with 100 bins: 0.2 sec

e Also possible when projecting =1 dimensions,
and/or discrete dimensions

— Simply create a multi-dimensional binned dataset
Wouter Verkerke, UCSB



Integration vs. data averaging - Summary

- Default projection method for all observables is integration

e To override integration method with data averaging method,
provide a projection dataset with observables to be averaged

— Projection dataset only controls method of projection,
not which variables are projection

— Projection dataset may contain both discrete and real observables

— Projection dataset may be binned (speed vs accuracy tradeoff)

= Any projected PDF observable may be averaged with data
instead of integrated

e Final projection may be combination of
data-averaging & integration

Wouter Verkerke, UCSB



RooFit users tutorial

Slicing & Cutting

Plotting a slice in real & discrete dimensions

Understanding normalization in slicing

Wouter Verkerke, UCSB



A RooPlot of "dt]

Plotting a slice of a dataset Z

A
200

ahoo
48

oo
1400
1200
1000
800
600
400F
200 —

e Use the optional cut string expression

/[l M xing dataset defines dt,m xState
RooDat aSet * data ;

/] Plot the entire dataset
RooPlot* frame = dt.franme()

/

A RcoPlot of "dt]

Ll

]
[

ol
20 15 10 5 0

L]
.
)

5 10 1% 20
dt

dat a- >pl ot On(frane) ;

// Plot the m xed part of the data
RooPl ot* frame_mx = dt.frane()
dat a- >pl ot On( f r ane,

F

t
Cut ("m xSt ate==m xSt ate:: m xed”)) i : '}i 4
_ WOI’kS the for Sets 20 15 10 5 0 ] 10 15 d%u
— The target RooPl ot will retain the for
future (not the number of events in the slice)

e More about this later

Wouter Verkerke, UCSB



Plotting a slice of a PDF — plotSliceOn()

e To plot a (projection of a) slice of a PDF use Sl i ce()

— RooAbsReal : :plotOn(frane, Slice(sliceSet), .)
overrides default set of observables to project out

— Argument sl i ceSet specifies the set of
that should be

— Position of slice is determined by the current value of slice observable

Slice iny Slice in x

10018 T 1.0018 P
i e
1.0016 ;["':“:"“‘\‘\{l 1.0016 i
1001 R 1001 it s
1001 ;‘%?:::’::’f:‘?%% 1001 R
0.00 AR 0.00 A IEANTR
AR i A AR
1.000 R S 1.000 SR RINEAEY
0006 U 0006 R NS
. AN AR A . AR, Wi
1.0004 AR e R, 1.0004 T S W
AT T e R e
1.000 T 1.000 G e VO
R " R AR SR A o,
s A s N
Wy on, G Wy n, SRR
; ;
o e L R e
85 o R 0 85 o, SEbs g 9 0
3 6 3 6

— Slicing can be done in dimensions

— Slice set can have an Wouter Verkerke, UCSB



Example: plotting mixed-only slice of data and PDF

RooPl ot* dtfrane = dt.franme() ;
dat a- >pl ot On(dt frame, Cut (“m xSt at e==m xSt ate: : m xed“)) ;

m xState = "m xed" ;
bm x. plotOn(dtfrane, Slice(m xState)) ;
dt frame->Draw() ; f
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Understanding the normalization for PDF/data slices

1:mixed

N total

A PDF plotted with plotSliceOn() is normalized to all observables,

iIncluding the sliced observables, therefore

P M)t 11 =

x
W& pt,M) The integral of a
gitcs + PDF slice
ga 00('[ M)dt— projection is not 1!
Op(t, M) dt

= = f
a op(t, M)dt M'>

Fraction of mixed events predicted by PDF

Integral of PDF projection =

The RooAbsDat a: : pl ot On() function with cut gives
the full (uncut) number of events to the RooPl ot so that the

final normalization comes out as

C, (%) = P, () N rﬁ.’i’;
=P (X) XN;I[i)CFe Nbi.r;
* N

.......

X,

In

The normalization of

the PDF slice curve
reflects

the PDFs prediction

of the slice fraction, g



Understanding the normalization for PDF/data slices

Data has large fraction of mixed events than PDFE predicts

[A RooPlot of "dt"] [A RooPlot of "dt"]
— L =
s 300~
300 —
8 2 [
F 80|~
111 80 e
60 60 _—
20 20—

0|| |||||||| 0_ | N T S N N Y N I |
-20 15 20 -20 -15 -10 5 0 5 10 15 20
dt dt

PDF and data agree on fraction of mixed events
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Slices In a real-valued observable

e Real-valued slices have
— Usually not that useful (equivalent slices in data are usually empty)

can be made with (see later)

e Example plot: effect of per-event error

RooPlot* dtfranme = dt.frame() ;

dat a- >plotOn(dtframe) ; // not a slice
dtErr=0.1 ; bmx.plotOn(dtframe, Slice(dtErr)) ;
dtErr=0.5 ; bmx.plotOn(dtframe, Slice(dtErr)) ;
ditErr=1.0 ; bmx.plotOn(dtframe, Slice(dtErr)) ;

140

dt f rame->Draw() ;

120

Events /(1)

100

80
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Plotting slices with finite width - Introduction

< Problem: analytic calculation of
the projection of a ‘band’ of a
PDF often very hard or impossible

« Solution: Numeric solution via

9
4
1.0008 ) A
1.0006 Vit } I
s S h
1.0004] - sy B T T
BEL ToyMC approac
s Sl
g o AR
ol O ‘t‘e‘ uﬂ‘“‘ - . .
Vo, A — Construct finite width slice as
5 AN 9
4 st ank et 7 8 - - - .
3, R 6 weighted average of no-width slices:

1) Generate a sufficiently large ToyMC
sample to be plotted

0.00
0016 ; 2) Reduce the ToyMC data to
1.0014
001 s the band to be plotted
o] A4
o A 3) Plot the PDF the usual way, projecting out
s 'f"f"‘{ﬁ"‘ AR,
0y & “‘ all unplotted observables via data averaging.
Rl Use the reduce ToyMC set
¥ 5 . .
gyt as weighting dataset
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Plotting slices with finite width - Example
Example setup:
Argus(nB)*Decay(dt) +  (background) 1;;
Gauss(nB) * BM xDecay(dt) (signal) sion

ll.’im— SeSeecteany
// Plot projection on nB :
dat a- >pl ot On( nbf r ane) ; e

nodel . pl ot On( nbf r ane)

// Plot mxed slice projection on deltat

dat a>pl ot On( dt f r ane,
CQut ("m xSt at e==m xSt ate: : m xed”))

m xSt at e="m xed” ;

nodel . pl ot On(dtframe, Slice(m xState))

FTTTURYTTN FITTY FYUTY FUTI PPN PP POPI B,
3'\-2 329 0,28 323 5,14 500 5,28 32T 008 ﬁ-Zi’mtJ

|2t distribution of all mixed &vents

RN

) | | T
5‘ 45 #W 5 ] 5 w5 Iﬁl

i b
48 A5 W B L] 3 ir &5 r'."i
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Plotting slices with finite width - Example

Example setup:
Argus(nB) *Decay(dt) +  (background)
Gauss(nmB) *BM xDecay(dt) (signal)

Reduce dataset
before plotting

Generate a

@ sufficiently large

©)

ToyMC sample to
be plotted

Reduce the toyMC
data to the band
to be plotted

Plot the PDF the
usual way,
projecting out
all unplotted
observables via
data averaging.

RooDat aSet* nbSliceData =
dat a- >r educe( " nb>5. 27") ;

nbSl i ceDat a- >pl ot On( dt frane2,
"m xSt at e==m xSt at e: : m xed")

RooDat aSet *t oyMC = nodel . gener at g(
RooAr gSet (dt, m xSt at e, t agFl av, nB),
80000) ;

RooDat aSet * nbSl i ceToyMC =
t oyMz >r educe(” nmb>5. 277) ;

nodel . pl ot On(dtfranme2, Sli ce(m xSt ate),
Pr oj WDat a( b, nbSl i ceToyMC) )

=
i
P

8200
6RO
w00 -
2000 -

m s

FTTTURYTTN FITTY FYUTY FUTI PPN PP POPI B,
3'\-2 329 0,28 323 5,14 500 5,28 32T 008 ﬁ-Zi’nltJ

|2t distribution of all mixed &vents
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Plotting non-rectangular PDF regions

e The ToyMC projection technigue makes
of the selected region

— Regions of arbitrary size, shape and dimension can be selected

e Example: Likelihood projection plot
— Common technique in rare decay analyses

— PDF typically consist of N-dimensional event selection PDF,
where N is large (e.g. 6.)

— Projection of data & PDF in any of the N dimensions doesn’t show
a significant excess of signal events

— To demonstrate purity of selected signal,
plot data distribution (with overlaid PDF) in one dimension

Wouter Verkerke, UCSB



Plotting data & PDF with a likelihood cut

e Simple example
— 3 observables (x,y,z)
— Signal shape: gauss(x)-gauss(y)-gauss(z)
— Background shape: (1+a-x)(1+b-y)(1+c-2)

— Plot distribution in x with cut on likelihood in (y,z)

/] Plot x distribution of all events g x
RooPl ot * xframel = x.frane(40) Sl

dat a- >pl ot On( xfranel) ;
sum pl ot On( xfrane ;

Eveahts f
2

—
(=]
=
=

T T

800

.

Integrated projection of data/PDF on
X doesn’t reflect signal/background

d|Scr|m|nat|On power Of PDF in y1z u_lIII|IIII|IIII|IIII|IIII|IIII|IIII|IIII|IIII|IIII
5 4 3 2 1 0 1 Z 3 4 Hﬁ




Plotting data & PDF with a likelihood cut

RooDat aSet * data = sum gener at e( RooArgSet (x, Yy, z), 50000) ;

RooAbsReal * pdf Proj = sum createProjection(RooArgSet (y, z), xX) ;

The creat eProj ecti on() method create a
projection of sum over x, with (y,z) as
observables:

Of (X, y, z, p)dx
Of (X, ¥, z, p)dxdydz

P (y,z p) =

Automatic optimization:
If f factorizes as g(x)*h(y,z):

Qgec,)N(y, 2, B, )dx
caePIh(y, 2, B, ) dxdydz

h(y.z p,)
(. z B,)dydz

Pi(y.z p)

Wouter Verkerke, UCSB



Plotting data & PDF with a likelihood cut

Construct per-event likelihood and add as

pre-calculated column to the dataset

RooFor mul avar nl |l Func("nll","-1og(likelihood)","-log(@)", *pdfProj) ;
RooReal Var* nl|l = dat a->addCol um(nl | Func) ;

RooPl ot* pfrane = nll ->frane(4.5,7.5,100) ;

dat a- >pl ot On( pf r ane)
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Plotting data & PDF with a likelihood cut

Reduce ToyMC projection dataset
with cut on per-event likelihood

RooDat aSet * sliceData = dat a->reduce(RooArgSet (x,y, z),"nll<5.2")

RooPl ot * xframe2 = x.frame(40) ;

sl i ceDat a- >pl ot On(xframe2) ; Saof
sum pl ot On( xf rane2, Proj WDat a(sl i ceData)) < [
Hool
2

Plot PDF with selected ToyMC events 80p

60|

401

20k

-54-3-2-1012341‘5
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Summary of slice plotting

e To project category slices (or no-width real slices) use

RooAbsDat a: : pl ot On(frane, Cut (“slice cut _expr”),..)
RooAbsPdf: : pl ot On(frane, Sl i ce(sliceSet),.) ;

— Normalization of PDF slice projection will reflect
the

e To plot bands, likelihood slices or arbitrarily shaped regions

— If the number of projected observables is low (<=2)
binning the ToyMC projection dataset can
speed up the plotting process.

— Can be used in combination with Sl i ce()
to slice in observables no participating in the region cut

Wouter Verkerke, UCSB



RooFit users tutorial

Component plotting

Selecting components to be plotted

Slices vs components

Wouter Verkerke, UCSB



Component plotting - Introduction

e A PDF that is explicitly constructed as
a sum of components via RooAddPdf

can plot its components separately

|A RooPlot of "x"|

300
c. —

Example:
Argus + Gaussian PDF

/] Plot data and full PDF first

/'l Now plot only argus conponent
sum >pl ot On( xf ranme,
Conmponent s(argus), LineStyle(kDashed)) ;
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Component plotting — Selecting components

There are various ways to select single or multiple components to plot

/'l Single conponent selection
pdf - >pl ot On(f rame, Conponent s(argus)) ;
pdf - >pl ot On(f rane, Conponent s(”gauss”)) ;

[/ Multiple conponent selection
pdf - >pl ot On(f rame, Conponent s( RooAr gSet ( pdf A, pdf B))) ;
pdf - >pl ot On(f rame, Conponent s(” pdf A, pdf B")) ;

/[l WIld card expression all owed
pdf - >pl ot On(frame, Conponent s(” bkgA*, bkgB*”)) ;

Wildcard option particularly useful for
simultaneous PDFs built by RooSimPdfBuilder.

Example: simultaneous Gauss+Argus fit over 4 tagging categories

/1 plot data and full PDF Plots sum of all background PDFs
dat a- >pl ot On(frane) ; Syntax independent of number and

P ’ names of index category states
pdf ->pl ot On(frane) ;

pdf - >pl ot On(f rane, Conponent s(”Argus_*")) ;
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Component plotting — Multi layer selection

e Method pl ot ConpOn() can be called on any PDF,
and also works for nested RooAddPdf structures

— Selection mechanism works recursively

— Final component selection is two-step process: 1 - Expli&it selection

Roo AddPdf

nodel :
Components

—+ listed by user

RooPr odPdf RooPr odPdf
si g bkg

Ead I

RooGaussi an RooGaussi an RooGaussi an Roo AddPdf
si gDE si gvB bk gDE bkgvB

—+-

RooGaussi an +"RooGaussi an
bkgMBpeak bkgMBcont
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Component plotting — Implicit selection

e All nodes in the path between each selected node and
the top-level node is implicitly selected

RooAddPdf
nmodel

2 — Implicit selection
RooPr odPdf
sig

RooPr odPdf
bkg
>

>
RooGaussi an RooGaussi an RooGaussi an RooAddPdf
si gDE si gvB bk gDE bkgvB

—+-

RooGaussi an RooGaussi an
bkgMBpeak bkgMBcont
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Component plotting — Implicit selection

« All nodes below each selected node is implicitly selected

2 — Implicit selection

RooAddPdf
nodel
-+
RooPr odPdf
SI g bkg
x* e

RooGaussi an RooGaussi an W RooGaussi an RooAddPdf
si gDE si ghvB \ bk gDE bkgMvB

—+-

\ RooGaussi an RooGaussi an
bkgMBpeak bkgMBcont
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Component plotting — Code example

e Component selection gives feedback

on explicit/implicit selection | RooAddPdf |
nodel
4+
RooPr odPdf RooPr odPdf
sig | bkg |

>x
RooGaussi an RooGaussi an | RooGaussi an ﬁRooAddef

si gDE si ghvB bkgDE bkgvB
—+
« ” . RooGaussi an RooGaussi an
pdf - >pl ot On(frame, Conponent s(“bkg”)) ; | bkgMBpeak | | bkgMBcont |

RooAbsPdf : : pl ot ConpOn( nodel )
directly sel ected PDF conponents: (bkg)
RooAbsPdf : : pl ot CompOn(nodel ) indirectly sel ected
PDF conponents: (bkgMBPeak, bkgvBCont , bkg, nodel )

e Component selection in a PDF slice projection

— Use pl ot On(frane,
Conponent s(”conpList”), Slice(sliceSet), .))

— No special issues, just combine features of
Slice() and Conponents()

Wouter Verkerke, UCSB



RooFit users tutorial

RooSimultaneous

Projecting and slicing RooSimultaneous PDFs
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Plotting RooSi nul t aneous PDFs

e Plotting of RooSi nul t aneous PDFs
IS not different from any other PDF

<

— Everything works the same as for regular PDFs, except that
the index category cannot be projected out via integration

— Always provide a projection dataset for the index category
(or its components if the index category is composite)

— Otherwise,

treat the RooSimultaneous index category as a regular observable

Simultaneous PDF for (A,B) — plot sum of A,B

/] Plot data/ PDF for A+B
RooPl ot *frame = x.frame() ;
dat a- >pl ot On(frane) ;

sim >pl ot On(frane, Proj Wbat a( *cat, data))

Needed
to project
out cat
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Plotting RooSi nul t aneous PDFs

Projection (=summation)
over index category

N

View of RooSimultaneous in 2D
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Plotting a component PDF of a RooSimultaneous

e A component PDF of a RooSi nmul t aneous
IS a slice of the RooSi mul t aneous in the index category.

— Use Slice() not Conponent s()!

Simultaneous PDF for (A,B) — plot A only
/1 Plot data/PDF for A only

RooPl ot *frame = x.frame() ; Needed to
dat a- >pl ot On(frane, Cut ("cat==cat::A")) ; calculate fy
cat="A" ;

sim>plotOn(frame, Slice(cat), Proj Wbat a(cat, data)) ;

— Why does pl ot SI'i ceOn() need data?

Normalization works like in regular pl ot Sl i ceOn()

* RooAbsData:: plotOn(frane, Cut (”cut Expr”))
stores total number of events without cut

* RooAbsPdf::plotOn(frame, Slice()) normalizes projection to 1 * f

slice

« RooSi nul t aneous needs projection dataset to calculate f ;.
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Plotting RooSi nul t aneous PDFs

A slice in the RooSimultaneous index category selects a component PDF

iIndex = “Kaon” compP
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RooSimultaneous - Projection a slice with data averaging

« RooSi nul t aneous, Sli ce() and component data averaging

— RooSimultaneous needs projection dataset for entire dataset

— Component PDF needs projection dataset for events in slice only

f

0.12
0.23
0.17
0.43
0.34
0.07
0.19 >
0.13
0.22
1.05 J

W W|W|W|WwW|w|>|>|>|>

\

e Apparent problem: need 2 projection dataset with different sizes

e Solution: RooSimultaneous::plotOn automatically trims
the dataset when passing it on to the components plotOn()
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RooSimultaneous - Projection a slice with data averaging

/[l Plot data for index A

RooPl ot *frame = x.frame() ;

dat a- >pl ot On(frane, "cat ==cat:: A") ;
/[l Plot PDF slice for index A, project out per-event errors
sim>plotSliceOn(frame, Proj ViDat a( RooArgSet (cat, dterr), data))

RooSi mul t aneous: : plotOn(sim plot on x averages
wth data i ndex category (cat)
// RooAbsReal : : plotOn(sim plot on dt averages
usi ng data vari ables (dterr) N
RooAbsReal : : pl ot On(sim) reduci ng given projection
dataset to entries with cat==
RooAbsReal : : pl otOn(sim only the foll ow ng conponents of
the projection data wll be used: (dterr)

J

RooSimultaneous index projection uses entire dataset

Component dterr projection uses subset of dataset with cat==
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RooFit users tutorial

Miscellaneous

Asymmetry plots
Likelihood plots

Plots in more 1 dimension
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Asymmetry plots

e RoOOFIit supports generic asymmetry plotting

— Example: mixState asymmetry of BMixing PDF & data

RooPl ot* dtfranme = dt.franme(40) ;

dat a- > (dtfrane, )
bm x-> (dtfrane, ,
Proj Woat a(dterr Yata)) ;

&

—

g Can be combined with other
U plot arguments

mixStatg asymmetry
0

[=)
——]

) }\

20 -15 -10 -5 0 5 10 15 20
dt Wouter Verkerke, UCSB
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Asymmetry plots - Features

* RooAbsDat a: : pl ot On( Asy

— Non-uniform bin sizes OK

— Points have binomial errors instead of Poisson errors

* RooAbsReal : : pl ot On(Asymmetry())

— All regular PDF projection techniques work:

= Projection via integration

e Projection with data averaging

Slice plotting

—_

e ToyMC region plotting

o
n

o
i

mixState Asymmetry of decay

S
n




Likelihood scans in 1 dimension

e Plot —log(L) for a PDF/dataset on a frame

20

15

10

[/ cpm xPdf and cpm xData previously defined
RooPl ot* frame = sin2b.franme(0, 1, 20) ;
cpm xPdf->pl ot NLLOn(frame, cpm xDat a, 1. 0, KTRUE) ;

Adaptive NLL sampling used
(standard for all RooPlot curves).
Explicit control over resolution
tunes CPU/precision tradeoff

Optional automatic
P ~

baseline shift to zero >

Lo

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

sin(2*beta)
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Likelihood contours Iin 2 dimensions

A RooPlot
X 1.1
1=
S
0
s L
=
5,
pr od. (dat a, neanx, si gnax) ; "°”
5 |
=
1_
% 1.1
5 0.95
- . -
[ . \ B
mos_ {/ \\
"g- .r, \\ 09 1 | | | | | 1 | 1 | 1
S ! E 1.9 1.95 2 2.05 2.1 215 2.2
.'g = ! ' mean of gaussian x
1_ I" lr.rl
0.5 RooFit Result* r =
' prod.fitTo(*data, "mhvr") ;
L RooPl ot* frame = new RooPl ot (..)
(frame, neanx, si gnax, "ME12VHB") ;
0.9 1 | 1 | 1 | 1 | 1 | 1
1.9 1.95 2 2.05 2.1 2.15 2.2

mean of gaussian x



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




