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Motivation
Diffractive Dissociation in 5 7
_ 10°
3 COMPASS 2004
; 6: T Pb— ' Pb
S
|53} 4;
iE
i
Mass of 51t System (GeV/c)
No "bump hunting” by eye possible = Partial-Wave Analysis (PWA):
JP-Decomposition of mass spectrum using angular distribution
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Partial-Wave Analysis

ial-Wave Analysis

@ Parametrisation of cross section (simplified):

Waves

o(r) =00 2. pi(Mx)¢i(7)ei(7)
ij

*

@ 11-dimensional maximum likelihood fit to experimental kinematic
distributions

@ For the calculation the sum over all waves has to be truncated
@ Truncation introduces systematic errors
@ Optimal model for truncation has to be found
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Partial-Wave Analysis

pin Density Matrix

NNl A R e 4
R AR AT b
Pt ] A AN
- b p_ B An kA =
ML PAVIAL Pagor]
I al NV e ¥
E%E% Pl AT NI, APy ity Y,
] P PASLALAR A £ nt
™ r} Pt N T o il
%% fal T L, e
WAL AL A ARV A el A Y
b z o
AR $E% i
™ o A T 2
et é?%‘ﬂ\v‘ ALV e
% X SN, NANIN S
i
by W
Vs b e
NS
A 2l ZNN T e
seHSs . R
Tl P - Vst
$A v e
™Y
N

Stephan Schmeing — PWA Model Selection using a genetic algorithm 5



Introduction: Partial-Wave Analysis at COMPASS Genetic Algorithm for Model Selection  First Results Conclusion Outlook

&3 Partial-Wave Analysis at COMPASS m

Partial-Wave Analysis

Technische Universitat Miinchen

Model Requirements

@ The model should describe the data well
© The number of parameters should be as small as possible
@ Correlations between parameters should be minimal
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Model Selection

@ Traditional way:

e Compare log(likelihood) for different truncations
e Use physical arguments and preexisting knowledge
e Trial and error

@ Introduces bias
@ Has no methodical handle on systematic errors
@ Too many possibilities for 5 = case

= Use an algorithm for model selection
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Ranking Criterion

Goodness-of-Fit Criterion

@ Log(likelihood) alone cannot be used to quantify model quality, since
more parameters tend to give better log(likelihood)

@ Use Bayes’ theorem to judge model quality
Evidence Best fit likelihood - Occam factor
P(Data| M) P(Data|Afy, M) - P(Afy M) 0 |pata
@ Additional factor to supress small waves with large errors is introduced
@ A number of approximations are needed to calculate this

~
~
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Optimization of Algorithm

Optimization Criteria

@ Full search space has to be explored: After a short starting phase the
average evidence should fluctuate around constant well below
maximum evidence

© As few as possible created models should be invalid (for example due
to not converging fits)

@ Final result should be (close to) optimal solution: Manually
improvement should not be possible
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@ Data from COMPASS 2004 hadron pilot run
@ Use a pool of 284 Waves
@ Run 100 generations with 50 models each

Stephan Schmeing — PWA Model Selection using a genetic algorithm 11/15



Introduction: Partial-Wave Analysis at COMPASS Genetic Algorithm for Model Selection First Results Conclusion Outlook

&3 First Results m

Technische Universitat Miinchen

First Results
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First Results
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Conclusion

@ A genetic algorithm for model selection has been implemented in the
framework of the ROOTPWA toolkit:
( http://sourceforge.net/projects/rootpwa/ )

@ A first partial-wave analysis using the algorithm has been performed
@ The algorithm converged to a finite number of waves in the model
@ High congruence between TOP 20 models

= Goodness-of-Fit Criterion works
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@ Tuning of algorithm parameters and selection/mutation methods
@ Tests of results with simulated dataset
@ Transfer to other decay channels
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PWA formula

1 Waves ) ,
o(7) = 0o 21 > pj(mx) 95 ()¢5 ()"
e=—1 ij
Ranks
Spin density matrix: pj(mx) = > T;T:”
r=1
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Waves

In P(Data| M) =~ In P(Data|Af, , Mk) —In V& +In (2m)9| Carjpatal + 3= INSa
a

Dimension: d = number of real parameters
= 2 - number of complex parameters

Significance: S, = x#exp x ‘T“‘ dx
T el

Probability of the intensity of wave to be more than 50
larger than zero

d
Parameter volume: V& = d-2°-r9-1

r(g+1)
(d— 1)-di2mensional hypersphere with radius
r = v/Nevents

(neglecting interference between waves)
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Interpretation of Evidence
Evidence not normalised = No absolut interpretation
Relative intepretation = Bayes-Faktor: Big = %
In Byg Bio Evidence
Oto1 1103 Not worth mentioning

1t03 31to 20 Positive
3to5 20to 150 Strong
>5 > 150 Very strong
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