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Introduction

- Correction for detector effects in data
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- Performance checks of available methods
- Develope new methods

- Improve the different methods
- Comparison of the methods
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Iterative (Bayes) Method
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Input distributions

Iterative (Bayes) Methode

120

100

P, (leading jet, detector level) [GeV/c]

A\ T T I ‘ I | 2]
o) C k=

- : s=10 TeV 100 pb™—|
§ 5000 —%— | ATLAS work in progress N AntiKt4H1Top0p -
— [ ‘e .
= - Z(->e e )+jets n
L 4000 E
S 000 - @ MC truth a
3 B O MC reco 7
S 3000
@ B :
= C
© 2000
() -

- -

1000 — —
L =8:n=e=l
. | | | | L L L ‘
20 40 60 80

L
120

P !
100
P, (leading jet, hadron level) [GeV/c]

20 40 60 80

lterative (Bayes) Methode:

* Use C++ implementation of G. D'Agostini 's paper from

Marisa Sandhoff

Iteration step:

- Training distributions (true T_and reconstructed M)
Migration matrix R (R fractlon of events of T in M)
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Correction for fake
jets is applied

Correction aplied on two different test samples
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> Uncertainties seems to be too large
> Check method using a simple Toy Mc
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. @J e e Test of C++ implementation

* Define a migration matrix

0 0.1 0.1 0 01 08 0 0.025 0.95
M,=|0.2 0.3 0.5 M,=|0.2 0.8 0.2 M,=/0.05 0.95 0.05
0.8 0.6 0.4 08 01 0 0.95 0.025 0
large migration medium migration low migration

 Create a truth distribution with 3 bins with 10000
entries each

* Create randomly a test distribution

* Calculate the unfolded distribution with the program
and manually

> Both calculations give the same result

> Method Is correctly implemented
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. @J e i Method checks 1

- Define a migration matrix (M)

 Create a truth distribution with 3 bins with 10000 entries each

* Create randomly 2000 test distributions and calculate the
unfolded distribution

* Compare unfolded distribution with the true distribution

Constant 2848478

g 300 __| LA e I O B B Mean 10,3062 - 0.8364 ,5;_ 15 —_I T B
= C Sigma 3712+ 0.58 > : N
) C = = C ]
250~ ] 3 1E i
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- _ -1 —

IR v v b P R Coovvo b e by e v by ey b by ]

-QOU -150 -100 -50 0 50 100 150 200 0 0.5 1 1.5 2 25 3

(y-n) bin

e No bias visible
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. @J e i Method checks 2

- Create randomly 2000 migration matrices from fixed probabilties (M)

 Create a truth distribution with 3 bins with 10000 entries each

* Create randomly 2000 test distributions and calculate the unfolded

distribution
w 240 T T 11 T T 17T T T T T T T T Constant 198.8+5.5 —_— — —
2 L0 - | ' Mean -0.1998 + 1.1974 = 2 -
= = . Si 52.49+ 0.85 > - .
5 2000 1° bin = —= S 155 E
180F = £ L E
160 3 : -
140E- = 0.5F- =
120 = oF 1
100 — = .
80 3 0.5 E
60 = AE =
“oF E A5F =
c 111 | L1 11 | 1 L1 | 11 L1 | | I | L1 I L E - il 1 1 1 | 1 1 1 1 | 1 1 1 Il | 1 1 1 1 | 1 1 1 1 | 1 1 E
—QOD -150 -100 -50 0 50 100 150 200 20 0.5 1 1.5 2 2.5 3
(¥ bin

 No bias visible
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. @J e i Method checks 3

- Create randomly 2000 migration matrices from fixed probabilties (M)

* Create randomly 2000 uniformly distributed truth distributions with
30000 entries

* Create randomly 2000 test distributions and calculate the unfolded

distribution

Constant 2221+ 6.2
[73] £ LI N R B B T T T T T —_— - ]
g 220 M.ean 0.07426 + 1.61451 i_ 2 = =
5 200 1% bin e -
1805 E g o E
160 = 1= =
140 = 05E =
1208 E = =
100 = = =
80F- 3 05F E
60E- 3 A= =
40F- = A5E E
20F 3 - =
E | L 1 1 1 1 | 1 1 1 1 | 1 1 1 1 | 1 1 1 1 e = _2 __I 1 1 1 | 1 1 1 1 | 1 1 1 Il | 1 1 1 1 | 1 1 1 1 | 1 1 =
950200 100 0 100 200 300 0 05 1 15 2 25 3
(y-+) bin

e No bias visible
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. @ ggﬁiﬁqgggun UNIVERSITAT Uncertai nties

n(C;) = Z M - n(E;) » M. terms of the unfolding matrix M
=1

* Mis clearly not equal to the
| Inverse of the migration matrix
M = ——— P(Eilc“z - Po(Gi) « P _(C): initial probabilities
i P(E”Cl)] 3l I—fl P(EJ‘CE) ] P.;,(Cg)] . n(E): data sample
j

. P(Ej|Ci): migration probabilities

e Sources of uncertainties:

- P,(C): no uncertainty is introduced

- n(Ei): data is assumed to be mutinomial distributed
n{E;) - n(E;)

- n{F;) ng
Vi (n(E)) = ZMkj'Mij'n(Ej). (1 - }*-r(i 7 ) - z My - My; - i
ue & J _ 1

1 # 7

trie
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. @J e Uncertainties

 Absolute uncertainties from ensemble tests with
and w/o fluctuations in the matrix (M)

w 300 T 1T | T 1T | 1T 17T I ||||||| CDHStant 193-9 = 5-5 _— 60 T T T T T T T T T T T T | T T T T | T T T T | T T T T
2 [ » random migration matrices Mean -0.1997 + 1.1974 = N # random migration mat
= " » fixed migration matrix Sigma 52.49 + 0.85 % fixed migration mat
@ 250 — Constant 2848+7.8 55 - |
B ) Mean -0.3062 + 0.8364
200 1St bin Sigma 37.12+ 0.58 = + + + ]
- ] 50 __ ]
150 — - ]
: - 45~ -
100 — B ]
C ] 40— ]
501 . : . b $ .
o " I 1 1 | I | | | | T | I 1 1 | " _ 35 B 1 1 1 1 | 1 1 1 1 | 1 1 1 1 | 1 1 1 1 | 1 1 1 1 | 1 1 1 1 B
-800 -160 -100 -50 0 50 100 150 200 0 0.5 1 1.5 2 2.5 3
(y-4) bin

* Fluctuations in the matrix increases the
uncertainty by a factor of 1.4 in this case
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. @J ggﬁixggguwumvmsnm Uncertainties

* Create pull distribution - comparison between uncertainties from
ensemble tests and the program (M)

" 300 T S — Constant 2211+ 61 — 1 2 n L B e e e L L
Qo “e random migration Imatrices ! Mean -0.003827 + 0.016188 E_ C # random migration matrices
= " fixed migration matrix Sigma 0.715 1 0.012 v 11~ » fixed migration matrix —
© 250 Constant 2706+ 75 = -
- 4 L Mean -0.01537  0.01337 - s

200F- 1% bin Sigma 0.5867  0.0098 1 - .

- . 0.9F ; =

150 = - g

- ] 0.8 $ -

1001 = 070 6 ¢ =
50— — 0.6 . . =

: L : : 1 1 1 1 | 1 1 1 1 | 1 1 1 1 I 1 1 1 1 | 1 | | | | | | | | :

03 > r 5 ] > 3 %% 0.5 1 15 2 2.5 3
(y)o bin

* Uncertainties given from the program are too large (o(pull)<1.0)
> Seems that fluctuations in data are not treated correctly
* Pull distributions with and w/o fluctuations in the matrix are not equal

> Seems that fluctuations in the matrix are not treated correctly
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. @J ggﬁiﬁggguwumvmsnm Uncertainties

* Infinite statistics Iin the migration matrix — contribution
close to O to the total uncertainty

* Compare the pull distributions for the fixed migration
matrix with uncertainty on and off on the migration

matrix
ﬁ 12— T T e matrix error on —; g 1;— " e matix error off —i
T 099 = T 099f =
0.985 ! = 0.98F ! =
0.97F = 0.97F —
0.965 = 0.96F- =
0.95F E 0.95F =
094= E 0.94F E
0.93F = 0937 =
0.925 = 0.92F =
005 4 52 25 3 0o ToE 1 Tis T2 25 3
bin bin

e Calculation of the uncertainty on the migration matrix
for infinite statistics seems to work correctly
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. @J ggﬁiﬁggguwumvmsnm Uncertainties

* Comparison between uncertainties from ensemble tests and the
program for high and low statistics in data with infinite statistics
In the training

» 300=——— e ——— : Constant 270.6 £ 7.5 — 1= T
2 - ® low stlatistics | Mean -0.01537 £ 0.01337 g c # low statistics 5
= - ® high statistics Sigma 0.5867 + 0.0098 G 0.95 = » high statistics
250 Constant 2731+ 7.7 0.9E 3
C Mean  -0.004494 : 0.013136 F =

200 Sigma 0.5804  0.0099 0.85 g_ _g

- ] 0.85- $ =

150 s 075 E

Z ] 0.7 —

100 = 0.650 =

- ] 0.6 B

50— - = $ § =

C 7 0.55F =

L P | | - T R T AR R BRI N -

03 2 i 0 1 > 3 0% ~""05 1 15 2 25 3
(y-)o bin

* As expected the influence of the amount of statistics in data is
very small
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. @J e Uncertainties

* Comparison between uncertainties from ensemble tests and the
program for 3 different migration matrices

w 500 T T T | T T T T T T T T T T ConStant 163.2 i 4-3 :\ 1 -4 T T T T T T T T T T T T T T T T T T T T | T T T T

Q2 = ® matrix 1 Mean -0-002341+ 0.021236 3 B ® matrix 1 ]
= 450: ® matrix 2 Sigma 0.9327 + 0.0161 1 - ® matrix 2
© 400 ® matrix 3 Constant 2706+ 7.5 12— ® matrix 3
= _ Mean -0.01537 + 0.01337 - .

350 ;_ 1% bin Sigma 0.5867 + 0.0098 1= . _:
300 Constant 4854+ 13.5 = L & =

= Mean 0.002667 + 0.007367 - . =

250 Sigma 0.327 + 0.005 0.8 -
2005 E B .

= - 0.6 ]

150 = - * ° =

= 3 B » ]

1001 E 0.4k ]
50 = - . * -

= = C ol | | | 7
0% 3 0% 0.5 1 15 2 25 3

(yi-u);’ c bin

* Less migration leads to an over estimation of the uncertainties
> Migration effect is not treated correctly in the error calculation

> Assumptions for the error calculation have to be checked
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. @J e Uncertainties

* Problem: Program assumes a multinomial
distribution for the data

* Multinomial distribution:
var=np (1—p;)
COV=—np; p;

* But each bin is multinomial distributed

* The sum of multinomial distributions is only a multinomial
distribution if all distributions are the same

> The columns of the migration matrix has to be equal to get
the correct estimate for the uncertainty

> Not the typical case in data analysis
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. @J ggﬁixggguwumvmsnm Uncertainties

* Example 1 (large migration):

0 0.1 0.1 0.18 —-0.08 —-0.1
0 0 0 0.09 —0.03 —0.06| [ 009 -005 —0.04
0.2 03 05| —» |0 016 -016|+-003 021 -018/+|-005 025 -02|={—0.08 0.62 —0.54
0.8 06 04 0 -016 016 | =006 -0.18 024 [-004 -02 024] | 41 _gc4 064
pro%ram
. (0.2) Calculate covariance matrix
>

1.0
l‘i/ - As mentioned before both
l calculations give different results

0.187 —-0.07 —-0.14
—0.07 0.7 —0.6
—0.12 -0.6 0.72
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. @J ggﬁiﬁggguwumvmsnm Uncertainties

* Example 2 (low migration):

0O 0.1 0.8 0.25 —-0.24 —-0.01
0 0 0 0.09 —0.08 —001| [016 -0.16 0

0.2 0.8 02| —» |0 016 -016/+[-008 o016 -0.08/+/-016 016 ol]=[—0.24 048 —-0.24

08 01 0 0 —-0.16 0.16 | |-0.01 —0.08 0.09 0 0 o 1_901 —024 025

pro%ram
Calculate covariance matrix

1.(2'3)
LI
J‘i/ . As mentioned before both

calculations give different results
» Differences become larger for

less migration in the migration
matrix

0.63 —-0.36 —0.27
—0.36 0.72 —-0.36
—0.27 —-0.36 0.63
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* Implement the new uncertainty calculation for
the data into the program

* Assumption: The data sample is a realization

27.05.2010

of a sum of multinomial
distributions
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. @J ggﬁixggguwumvmsnm Uncertainties

* Comparison of the pull distributions for the old and the new
uncertainty calculation for a migration matrix with large
migration (M)

w T T T T | T T T T | T T T T | T T conStant 168-2 i 4-3 - 1 1 T T T T | T T T T | T T T T
2 180 - ® old uncertainty Mean -0.002341+ 0.021236 E = ® old uncertainty =
= 160_— & new uncerlainty Sigma 0.9327 + 0.0161 xar 1'08:_. new uncertainty _:
® — Constant 1592+ 4.5 106 4
140 Mean -0.005597 + 0.022568 E =
Sigma 0.9876 + 0.0173 1.04— —
120 — - -
o 3 1.02 -
100 ] - =
- . = -
80F E 0.98F l‘ E
601 E 0.96F =
40F = 0.94 + + =
20 A = 0.921- =
.____' | | - - AN TN NN N AT N N S A TN TN YT AN Y NN S YN N AN S NN N NN | -
03 2 : 0 3 0-% 0.5 1 15 2 25 3
(y-w)o bin

> As expected for large migration only a small improvement
of the uncertainty calculation is visible
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. @J ggﬁixggguwumvmsnm Uncertainties

* Comparison of the pull distributions for the old and the new
uncertainty calculation for a migration matrix with low
migration (M)

W R L Constant 270.6 7.5 _ 1 .3 L N Y N Y L Y N I B ]
= [ @ old uncertainty Mean 001537 2 0.01337 3 — ® old uncertainty .
E 250l * New uncertainty Sigma 0.5867 + 0.0098 S  1.2[= ® new uncertainty E
| Constant 159.4 £+ 4.5 C _

4 i Mean -0.0242 + 0.0227 1.1 =

200— 1" bin Sigma 0.9889 + 0.0170 = -

B 7 1= ' » —

C ] = $ -

1507 . 09r E

B 7 E # =

100[ - 0.8 - :

- ] 0.7F —

50 — - .

: : 06 — & o 1

= - . | | L | | n

03 3 0-% 0.5 1 15 2 25 3
(yi-p‘)hsi bin

> For low migration in the migration matrix a clear
Improvement of the uncertainty calculation is visible
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. @J e Uncertainties

* Comparison between uncertainties from ensemble tests and the
program with and w/o fluctuations in the migration matrix (M) for the

new error calculation

o 300 T Constant 2211+ 6.1 o [Constam YT
2 " random migration matrices Mean — -0.003827 - 0.016188 3 180 Mean 0.02088 = 0.02225
= " e fixed migration matrix Sigma 0.715 £ 0.012 = - Sigma 0.9579 + 0.0147
o 250 ) Constant 2706+7.5 o 160 . Constant 159.4+ 4.5
- old uncertainty Mean -0.01537 + 0.01337 140E- new uncertainty Mean -0.0242 £ 0.0227
- _ Sigma 0.5867 + 0.0098 C 4 I Si 0.9889 + 0.0170
200 1¢ bin - 10 1% bin — -
150 — 100 ;— —;
- . 80~ =
1001 E 60 =
50/ - 3 E
- = 20— —
- ' . ' - = ! L1 ! -
%3 2 1 0 1 2 3 03 2 1 0 3
o (v
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. @J e Uncertainties

 Comparison between uncertainties from ensemble tests and the
program with and w/o fluctuations in the migration matrix (M) for the

new error calculation

= 12— = L I L
) oduncerainy IEIIETs S g nowincetamy gy
- ] 1.06F- =

1= E 1045 ~

09 = .02 =

- * . 1= ] T -

0.8 ¢ 3 - =

- E 0.985 ] =

0.7F ¢ ¢ = 0.961 [ T =
08— — 3 E
0.5 o5 s T2 T 25 T ECE 5 3
bin bin

* The new uncertainty calculation shows a clear improvement

* Seems that also the problem with fluctuations in the matrix is solved
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Bin-by-Bin Method
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Bin-by-Bin Method

Bin-by-Bin Method. 8 o e S
« Assumes that migration between the bins £~ —— e
is negligable 8 Sherww |
> Migration matrix is diagonal Lo E
 Only needs the reconstructed and the truth ° = = :
distribution as input TP T
* No correction for fake jets is needed A
03—————F——

truth

s=10TeV 200 pb™ ,
AntiKt4H1Topo ATLAS work in progress

=F¥“#%}LH ..

YN

0.2

truth

(N-N

0.1

> Uncertainties seems to be too

!

OII\\‘I\\\|I\\\II\\‘I\\\|I\\\

° ~T— 1 large
0.1 +  *» Check method using a simple
027 @ ALPGEN test sample 1, = . TOy Mc
W PYTHIA test sample x: =2.70211 .
0% a0 e 8o 100 120

p, (leading jet) [GeVi/c]
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. @J e i Method checks

e Create a truth distribution with 3 bins with 10000 entries each

* Create randomly 2000 training distributions from fixed probabilties
* Calculate for each bin a correction factor

* Create randomly 2000 test distributions and calculate the unfolded

distribution

w TT [T T T T[T T T T [T T T T[T TTT [ TT1 Constant 421.7+11.5
2 4005 | | | Mean 0.4879 + 1.4140 “Ii‘_‘_ 6:_ E
5 - 1% bin Sigma 62.87  0.99 Z - E
350 = S 4 =
C 7 & C -
300 3 2:— _:
250E E 0F * =
200F 3 2f | -
150@— _i 4 -
100F- 3 6 =
soi— _i 81 =
Ll et L L D = A0 o T
8054007500 200 100 0100 200300 400 200 0 05 : iE s S !
(y-u) oin

* No bias visible
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. @J e Uncertainties

* Uncertainties for the Bin-by-Bin method can be calculated assuming
a multinomial distribution or poisson distribution for the data

* Create pull distribution - comparison between uncertainties from
ensemble tests and the program with infinite statistics in the training

Constant 437.9+124 — 1.2 : ——— — — ——
75} 450:|_||||||||||||||||||||||||||| = =N [ | i _| |
2 = » poisson distributed Mean -0.01047 = 0.01360 3 - # poisson distributed N
€ 400F* multinomial distributed \| | sigma 0.606 £ 0.010 v - ® multinomial distributed
@ = Constant 276.7+ 7.9 1.1 - .
350 1St bin Mean -0.01285 + 0.02147 - .
— s' 1 — p—
300 ;_ igma 0.9513 + o.a1ga 1 - ; & z -
250F = 0.9F 3
200F = - -
- 3 0.8/~ L4 —
150 ;— —; N .
100F- = 0.75 =
50 E 0.65 ¢ ~
= = - I |: = | | L | L —
QS -4 3 2 1 0 1 2 3 4 5 0 0.5 1 15 2 25 3
(y-wio bin

> The multinomial distribution gives a better and a stable
estimation of the uncertainties due to fluctuations in data
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. @J ggﬁiﬁggguwumvmsnm Uncertainties

Create pull distribution — comparison between uncertainties from

ensemble tests and the program with finite statistics in the training
assuming a multinomial distribution for the data

|||||||||||||||||||||||| Constant 2008+ 5.5 _— F T =

E 200 ! | Mean 0.01614 + 0.02966 S 1375 =
‘E E Sigma 1.313 £ 0.021 & F ]
¢ 180 = © 4360 3
160 — 135E- | E
140 = - -
120F = 134E $ E
100 E 1.330 =
801 —i 1.32F 3

o0F E 1315 ! =

40 — = =

= - 1.3 —

20— — n -

O = | - I: 1 .29 = | | L | | —]

5 4 3 2 1 0 1 2 3 4 5 0 0.5 1 15 2 2.5 3
(Yo bin

> Uncertainties given from the program are too small (a(pull)>1.0)
with finite statistics in the training

> Have to introduce an additional uncertainty on the correction
factor
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Other Methods
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C JGEORG-AUGUST-UNIVERSITAT
. @ GOTTINGEN SVD

 SVD describes a change of Basis with a diagonal response
matrix A

A=USV'

U and V are orthogonal and S is a diagonal matrix with non-
negative diagonal elements

Si,-:O for i#), S.=s20
s are called singular values of A

* Some singular values are significantly smaller than others
> The system is difficult to solve
> The small singular values are set to zero to solve the system

* Problem: Due to the cut on the singular values the unfolded
distributions becomes periodic, not a good method If it is known
that the function is smooth
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. @J e i Tikhonov regularisation

Y=AX

* The migration matrix A itself is not invertable
* But (al+A'A) is invertable
X=(al+ATA)*ATY
* For a -0 the system converges to the initial system

> Tikhonov regularisation is a reweighting of the singular
values

> Smoother result

e O can be estimated using cross validation
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. @J St i Conclusion & Outlook

* |terative (Bayes) Method:

- Performance of this method is checked
- New uncertainty calculation shows a clear improvement

- Code exists in C++, but is not yet user friendly enough
* Bin-by-Bin Method:
- Performace of this method is checked

- Code exists also in C++
* Next steps:

- Include efficiency loss

- Ensemble tests for Tikhonov regularisation and SVD
- Look at physics distributions

- Make the code public and document it

- Compare the different methods
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. @J e i Method checks 2

- Create randomly a migration matrix from fixed probabilties (M)

 Create a truth distribution with 3 bins with 10000 entries each

* Create randomly 2000 test distributions and calculate the unfolded distribution

Constant 286.3+7.8
w T 1T ‘ L | T T E [ _]
g 4 b . Mean -55.73 + 0.83 ‘;I-\ a 60 L 2 —
= C Sigma 36.87 + 0.56 =2 — ]
& 2501 1" bi = S - .
: . g 40F —
200 — - ]
- 7 20— ]
150 - E o =
100 . 20 -
50 = -40F =
: sl L1101 | L1 11 | 1 L1 | 11 L1 L | Ll L | 11| I_ -60 1 1 1 1 |= 1 1 1 1 | 1 1 1 1 | Il 1 1 1 | 1 1 1 1 | 1 1 1 __
960 ""150 100 50 0 50 100 150 200 0 0.5 1 15 2 25 3
(¥ bin

> Create randomly a migration matrix results in fluctuations in the matrix for finite
statistics

> |ntroduce a bias
> Fluctuations have to be taken into account

> Have to create randomly different migration matrices
27.05.2010 Toy MC studies - Katharina Bierwagen
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