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The context



¢ : an experiment
that is to say a set of NV events, labelled e=1,..., N

the events are statistically independent
each event can be summarized by a random (multi-dimensional) variable v,

The statistical distribution (PDF) of y is assumed to be known

up to a (multi-dimensional) parameters ¢

The parameters t are estimated from the experiment €

by means of the maximum Likelihood method

Le(t) =T, fi(ye) /ft(y)dy — 1)Vt




If the total yields (/N) depends on t, one should rather use
the "extended” Likelihood method:

N
Le(t) = (Hé\f:1 ft(ye)) X %6_%

where 1, 1s the expected yield, given t.

/ foly)dy = 1t



Technically, one rather uses the (extended)Loglikelihood

N
Le(t)=> Infi(ye) + NIng, — py —InN!
e=1
Since In N! does not depend on t, it is an irrelevant constant that can be ignored.

One also notices that N In u; = Zévzl In i+, and thus:

Le(t) = Zln(ﬂtft(ye)) — Mt




The Plot technique applies when f; results from a sum of N, ”species”:

wefi(y) = Zi\fzsl N, fiy(y) of N, (known) contributions f;)(y)

each normalized to unity:

/f(i) (y)dy = 1 Vi

The normalization of f;(y) implies that u; = Zi\sl N..

Therefore:

Le(t) = Zln(ﬂtft(ye)) — Mt

N

Le(N,Ny) = Y (Y Nofywe)}) = DN,

1=1
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Are correlated in the sense that they come together for each event



Both variable can be multi-dimensional, with no complication involved

Y1

f(i) (Y1,y2) X 9@i) (71, 72)
|

for a given species Essential I for the method




The goal is to unfold the distributions of 2 for each species.
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Instrumented Flux
Return Barrel (M. Pivk , PhD thesis)

Specific example taken from BaBar experiment
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By —n'm T = cosfp

g(x) x| dlim(cos OB) |°oc 1 — cos 03




g . _(costp); g . _(cosbB); g.. (cosbp)

s T

Expected PDFs of COS 9]3 NOT used in the process,
They are just represented to show the agreement.

» sPlot
i ﬁmjﬁﬁmﬁﬁ

100
Other backgounds
50
0
-1 -0.5 0 0.5 1 -1 -0.5 0 0.5 1

coseB coseB



1{ '
The goal is to unfold the distributions of COS (9]3 for each species.
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How to use Plot

' N N N,
Le(N,.Ny) =Y W({Y N fo(w)}) —) N,
e=1 i=1 i=1

Maximizing Le(IV,...IN ) provides:
Nﬂ'"‘ﬂ' 7NK+K SN

and the covariance. matrlx Vw between the above NN, estimates

For each event e C@:mpute the N_ sWeights 73(2 (Ye)

Z +1 ‘/;Jf(])( )
Zk 1 kf(k)( 6)

SP(’L) (ye)
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The error bars are given by the quadratic sum of the SWelghts.
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Proof



Generalities






Le(N,Ny) = 3 (D Nofiywe)h) -

0

 0Le
— —5’Nj —

€

i f(j)(ye)

—1

N
=1 Zizl Nif('i) (Ye)

N

2

e=1

f(j)(ye)

Zfé\gl Nz f(z) (ye)

—1 Vj

(non-linear set of equations determining the yields)

N

2

1=1



Nk (i f(k) (ye) )

N
e=1 Zz:sl Nz f(z) (ye)

:iiNk ( f(k)(ye) )

S N, fi)(Ye)

(ijsl Nkf(k)(ye)>
S N fy (we) )y



ZNV( D= %Ni F)We) fi) (We)
= ” ol o= (ZJszlN Foey (e))?

_ Zz 1Nf(1)(y€))f(j)(ye)
; Zk:l kf(k)(yfi))
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p— NS _ 1
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L
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0%(—Lg) _ f: FoyWe) fi5) (we)

- ONON; = (Y N, foey(1e))?

(one does not need Minuit to compute the inverse of the covariance matrix)

But one should invert the above to reach the covariance matrix

_1 L
Vij = (V;-§- (D

(and Minuit does it for free)



Asymptotic property of the covariance matrix

N

S el = / dy (Z Nkfw(y)) B
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JPlot



Lets consider the sum of the sWeights(i) of events which x values

are within a given bin in x:

N

sPlot ;) (binT) = Z sPiy (Ye)

621;336]311133

We want to establish that on the average sPlot(pinx)
is identical to the expected number of events

from species (i) in the pi,x.

<37310t(2-) (bina:)> = Axz N. g(z) (:1:)

(2






N

<373l0t(2-) (binT)) = { Z sPe) (Ye))

621;336 €binT
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(properties)



Property (1)

Z PlOt() bmaz

bin®

Z PlOt() ye

2321 Vii i) (We)
N




Property (2)
NS

N N

- B Zj:s1 Vz’jf(j)(ye)
Z sPlOt(z’) (Ye) = Z N,
i=1 i=1 Zk:l Nkf(k) (ye)

3 (T Vi) J) (we)
SV N, fio) (We)
SN, fy (ve)

- N
Zkil Nk f(k) (ye)
=1

The sWeights are (kind of) probabilities for an event to stem from the various species.

However: SPlot(Z)(ye) ¢ [07 1]

They tend to be negative for “background” and greater than one for “signal”



Property (3)

N
Z Plotly (binz) = Y sPlotfs) (ye)
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Adding in quadrature theSPlOt error bars per bin
one recovers the uncertainty on Ni



Conclusion
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Plot

A very simple trick, with no handle to tune
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