Including Systematics and
New ways to Publishing - are they useful?

Number of ATLAS talks by year
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What’s the Model

Beyond just providing histograms, any inference that we do
will bring in some type of model for the data.

- What are the models in these two specific examples?
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A graphical representation

Here is a graphical representation
of this model that outlines its
structural relationships

- Functions

- Parameters of Interest
» Nuisance Parameters

 Observable

P(my |m>~<?, Mg9, Mp, 0) = Triangle(

Entries/4 GeV/ 1 fb™

prue. mfldge(mﬁ, Mmyg,m)) @ Smearing(

@

30F
20F

10F

501

Smearing

2 / ndf 40.11/45

"1 Prob 0.679
Endpoint 99.66 = 1.399
Norm. -0.3882 + 0.02563

401

2.273 + 1.339

20 140

,’mu)

L1
60 180 200

m(ll) [GeV]

Kyle Cranmer (NYU)

Heidelberg, February 26,2009

Thursday, February 26, 2009




What’s the Model

ATLAS fits to the M, spectrum are
categorized by the number of jets x
conversion status X rapidity region

Similar sensitivity as CMS result

Complex model represented by this graph
(automatically generated by RooFit/RooStats)
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Matrix Element Method as a Parametrization @&

. . Matrix-element likelihood:
Wlth the sdme d|—|ept0n mass Calculate probability directly
distribution, we can either:

Plevent z | SM) = P (z | process A) + P(z | process B) + ...

» relate edge according to: where

P(z | A) =] dy [M|26f fily2) = doy/dz

2 . {}
meiee — o |1 — [ U 1-— e
o = xS Mo m; Parton(y) to detector(z) transfer function (TF)
2

describes parton-shower and
detector response in parametrized

. . form (Issue 2)
» incorporate matrix element s —
. atrix-elemen S Tor process ssue
techniques

Integration over parton-level quantities
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@

Matrix Element Method as a Parameftrization 1
With the same di-lepton mass Caleuats probabily directly
distribution, we can either: Plevent z | SM) = P (z | process A) + P(z | process B) + ...

where

P(z | A) =] dy [M|26f fily2) = doy/dz

meiee — o |1 — [ U 1-— e
o = xS Mo m; Parton(y) to detector(z) transfer function (TF)
2

describes parton-shower and
detector response in parametrized
form (Issue 2)

» relate edge according to:

» incorporate matrix element
techniques

Matrix-element*PDFs for process A (ssue 2)

Integration over parton-level quantities

- naturally, could include more
kinematic info -> more power.

P( ‘M? V) — "-‘lgp Ipeap 5 @
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Matrix Element vs. Purely Kinematic Features

Tuesday, we had a nice discussion about unifying A [
kinematic features (eg. edges, MT2, hybrid method, 1 1
etc.) in terms of likelihood-ratio inspired Lo {s
observables restricted to boundaries in phase space
(or other well-defined features)

- less dependence on |2M|? across phase space

- basically generalizations of Dalitz plots
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Matrix Element vs. Purely Kinematic Features T

Tuesday, we had a nice discussion about unifying .
kinematic features (eg. edges, MT2, hybrid method, 1

201 Fic. 2. Regions of the 3» Dalitz plot where the density must

2 2 . wvanish because of symmetery requirements arce shown in Llack. The
‘(m“maf) 2 (mllmax) ] vanishing is of higher order (stronger) where black lines and dots

0

overlap. In each isospin and parity state, the pattern for a sprin of

0 10002000 3000 4000 50 J4 even integer is wdentical to the pattern for spin J, provided

etc.) in terms of likelihood-ratio inspired L |uo &
observables restricted to boundaries in phase space | }”L
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Matrix Element vs. Purely Kinematic Features T

Tuesday, we had a nice discussion about unifying L [
kinematic features (eg. edges, MT2, hybrid method, ‘ l 3
etc.) in terms of likelihood-ratio inspired ‘r p\ 1 :

observables restricted to boundaries in phase space
(or other well-defined features)

- less dependence on |2M|? across phase space

- basically generalizations of Dalitz plots

).
- ... | remembered that J® of parent can lead to
vanishing densities near kinematic endpoints.
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Data Driven SUSY Background Estimation ((Tﬁ

: : 2! - -
Even simple number-counting type A CDF Run Il Preliminary
{ A C .1
analyses have a model. g 1o [ Jr=72p0
= 1~4E\ ' el -
» Background is estimated as B/A*C § 12-:.] - ||  QCDBackaround _ B
w { C A
1,..
. . c {5
- simple propagation of errors S oals
. . . [ %
misses across Poisson gives o 0.6 .
. . 2 .4l ' : W e v Candidates
non-Gaussian correlations 2 ; A
- Given measurements in A,B,C,D we B om0 30 40 50 607086 96 10
can see contours with clear non- Fr (GeV)
Gaussian correlations
Histogram of contourPlot__bCont_tau RooReal¥ar k=] |: B s _F Y 0. . 200. :l H
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Unparticle have models too "T"

While we’ve been talking about Matrix Element methods
and Feynman-diagram like models for new physics...

... unparticles have models too.
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Examples of Published Likelihoods

W
v

Eventually, we will aim to publish some likelihood functions of
measured parameters.

Mt = 144 GeV

6
| (5)
5 a Aahad =
— 0.02758+0.00035
1 ----0.0274910.00012

«++ incl. low Q° data

o

You can find examples of
published likelihoods in 1D

L~

In 2-D you just get the cclmtours

68% CL

{ —LEP1 and SLD
80.5 - LEP2 and Tevatron (prel.)

1 | _
0 | Excluded .;":3;,. Preliminary |
30 100 300
m,, [GeV] 80.3-
150 175 200
m, [GeV]
Heidelberg, February 26,2009 ‘

Kyle Cranmer (NYU)

Thursday, February 26, 2009



Likelihood-based Intervals

6 M = 144 GeV
\ Aoy =
NS 5] — 0.02758+0.00035 /f : h
X B S = isieisisis ssisiain) = = = nEm=m=-
i 0027492000012 [ ;
% A-4B: & e incl. low Q° data Y =
_n | 5
NS ¢
~< 337 ]
o0 ]
S 2- :
C\‘I ]
| - i
0"Exduded"%& /¥ Preliminary
(6l(p)x Sorz—)f 30 100 300

m,, [GeV]

@

Let’s recall quickly the logic of limits derived from these types of

likelihood curves.
A certain value of —21og A() corresponds to ax’

2 .
We know the X distribution, so we can translate to a 95% limit
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Likelihood-based Intervals @

Wilks’s theorem tells us how the
profile likelihood ratio is
distributed

» asymptotically it is X
» there are some restrictions on

the parametrized family of
models

- eg. boundaries & look-elsewhere

—2log A\(0) ~ X7

n

f(—2log A(0)|0)

For these limits to be right, the
model needs to include the ‘true
distribution’:
» eg. what is actually producing the data
» €g. hature + our real detectors
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Systematics, Systematics, Systematics
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Incorporating Systematics by “Profiling”

_et (4 be the parameters we are interested in

et IV be the rest of them (nuisance parameters)

et  be the best fit to the data

et o(p) be the best fit to the data with (L constrained

((T//

Consider the profile likelihood ratio
P(data ,iA) ,ﬁ
M) = (datap (u) A(u))
P(datalfi, b, D)
one can see the function is independent of true values of
» though its distribution might depend indirectly

Again, if the model includes the true distribution, then we
know its distribution: —2log A(p) ~ x5

Kyle Cranmer (NYU) Heidelberg, February 26,2009 13

Thursday, February 26, 2009



An example

@

!

Essentially, you need to fit your model to the data twice:
once with everything floating, and once with signal fixed to O

L(datalu = Ob(u 0),

v(u=0)

L(datalfi, b, ")

Au=0)=
L(datal|ft, b, D)
—~ T T T | T T T | I I I | I I I | I I I | I I I
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Checking Wilks

@

!

An recent ATLAS Higgs example:

» even with very complicated pdf, distribution looks x°

oy
ey

A = 0) = Ldataln = 0,b(u=0),v(u=0))

L(data|fi,b, )

)
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Experimentalist Justification

((T//

So far this looks a bit like magic. How can you claim that you
incorporated your systematic just by fitting the best value of
your uncertain parameters and making a ratio?

It won’t unless the the parametrization is sufficiently flexible.

So check by varying the settings of your simulation, and see if
the profile likelihood ratio is still distributed as a chi-square

_LProbabiIity
e 2

—r
<
(&)

—h
<
H

10°°

10°®

Nominal (Fast Sim) Here it is pretty stable, but

Leading-order tt

Leading-order WWbb
Full Simulation

i

miss

il it’s not perfect (and this is
o e a log plot, so it hides some
Q” scale 4 pretty big discrepancies)

. The profile approach works
L dt=101b asymptotically and only if
your parametrization is

12

1520 sufficiently flexible.

log Likelihood Ratio
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Simultaneous Fitting Strategy

Simultaneous fit to signal and control samples control

background shape and normalization from data

L(data|u,Mpy,v)

X X X

Lyrqck (track multiplicity|rocp)
Lz(Z+ jets control|oz)
Locp(QCD control|ag, a1 ,a2,a3)

L p(signal candidates|u, My, on, 0z,rocp,do,ai,az,as3),

@

=14
)
42

10

8
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Examples of Published Likelihoods ¢

In statistical meetings for experiments, we agreed to publish
likelihood functions

mLimit’I =144 GeV

(5)
AOchad =
—0.02758+0.00035
----0.0274910.00012
«++ incl. low Q° data

You can find examples of
published likelihoods in 1D

// In 2-D you just get the ccl)ntours

1 —LEP1 and SLD
80.54 LEP2 and Tevatron (prel.)

X 3- .
< 7 68% CL
2- . >
| ()
N ] ©. 80.4-
| ..-:\ | =
0 Excluded \:, /“  Preliminary =
30 100 300
my, [GeV] 8037
Surely we can do better! 150 175 200
m, [GeV]
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Publishing Likelihood Maps

From existing measurements, several groups
have done weather forecasting for LHC:

» KISMET publishing full likelihood maps

http://users.hepforge.or

~allanach/benchmarks/kismet.html

» Ideally, inputs to FITTINO and SFITTER
would be a true likelihood map

w
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Example of Digital Publishing in RooFit/RooStats ,

g2 ROOT Object Browser : aRE
W8 Fm Edit Vew Opsons Mnspect Clasees Help
File View Options |_A RooPlot of "x"_|
-y wspace.root _vJ | Igg_ °.'.°'|§§§EI§-§'§| C’I |0| Nl e B
All Folders Contents of Y"ROOT File s/wspace.root" 1:! ao:
o
(_Jmot e
(_JPROOF Sessions | 60l-
C:_l fuserve ke ke/roofit/'wo kdir
D ROOT Fikes MyWorkSpace;1 o B
S epace oo I
) 20}
[ ] , L
RooFit's Workspace now provides the

ability to save in a ROOT file the full
likelihood model and the minimal data

A RooPlot of "m” |

L 3 oF
necessary to reproduce likelihood 1
function. e
vo- 5
It's generic, we decide how to § .
parametrize the model. g o
2
Need this for combinations, we should 1
: . | ST SrErer e S e e e e e e
pUb“Sh them tO some repOSItOI'y! 01 008 -006 004 002 0 002 004 006 0.08 :‘.1
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Combining Results: An Example

A combination example

e Combining ‘ATLAS’ and ‘CMS’ result from persisted
workspaces

Read ATLAS {TFﬂe* f = new TFile("atlas.root") ;
workspace RooWorkspace *atlas = f->Get("atlas") ;

Read CMS TFile* f = new TFile("cms.root") ;
workspace RooWorkspace *cms = f->Get("cms") ;

Construct RooAddition n11Combi("n11Combi","n11 CMS&ATLAS",
combined LH

mframe->Draw() ; // result on next slide

RooArgSet(*cms->function(“n11”),*atlas->function(“n11”))) ;

Construct
profile LH { RooProfileLL p11Combi("p11Combi™,"p11",n11Combi,*atlas->var("mHiggs™)) ;
in mHiggs
RooPlot* mframe = atlas->var("mHiggs")->frame(-3.5,-2.5) ;
Plot atlas->function(“n11”)->plotOn(mframe)) ;
At/as’C.MS’ cms->function(“n11”)->plotOn(mframe),LineStyle(kDashed)) ;
combined p11Combi.plotOn(mframe,LineColor(kRed)) ;
profile LH - ’ ’

Wouter Verkerke, NIKHEF

? 30
o L .
< | RooFit/ RooStats
g
E 25
‘g Combined
* 20§
15
1ol
'CMS” .,
51
:||||||||||||.||+‘|-.IJJ1{? ||‘|||||||||
8534333231 -3 -29 28 27 -26 2.5

By using the workspace, it is easy to share results, ideal for combinations.

mHiggs

Example above shows opening an ‘atlas’ and ‘cms’ workspace, and
performing a combined fit to a common parameter with profile likelihood.

@

‘Atlas’
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Extracting Contours from these results

The workspace can represent arbitrary models with many
parameters of interest and many nuisance parameters

((T//

sk :
0 01 02 03 04 05 06 07 0.8
. : frac

e One can plot 2-d contours, 1-d
likelihood functions

¢ One can evaluate likelihood in N-d and
use to evaluate a theoretical model

e |f the model has nuisance parameters
for systematics, they will be included!

e Easy to combine multiple measurements of

Taken from Wouter Verkerke, NIKHEF

w

X Projectign of nll
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