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Abstract
I studytheBayesianapproachto the reconstructionof particlepropertiesus-
ing asanillustrationthemeasurementof theHiggsbosonmass.MonteCarlo
eventsgeneratedwith variousHiggsmassesareusedto determinetheproba-
bility distribution for eachHiggsbosonmass.Theprobability is a functionof
measuredquantities,in thisexampleenergiesof

�
-taggedjetsaswell asthethe

anglebetweenthem. Theprobabilitydistributionsarefitted usingneuralnet-
worksandthefinal Higgsmassprobabilitydistribution is obtainedasaproduct
of thesingleeventdistributions.Themiscalibrationof themeasuredquantities
is automaticallycorrectedby theprobabilitydistributions.
I alsostudy a complementarymethodbasedon a neuralnetwork trainedto
returndirectly theHiggsmass.

1 INTRODUCTION

The precisionof particlepropertyreconstructioncanbe improved by usingdataanalysismethodsthat
betterexploit all theaccessibleinformation.TheBayesianapproach,basedonaninterpretationof prob-
ability asa conditionalmeasureof uncertainty, providessuchanopportunity. In this methodfor every
event theprobability ������� �
	 of � belongingto class� is computed.In our example“class” � is the
Higgsmassand � is a vectorof variables.Theevent � is assignedto theclasswith thehighestproba-
bility. For a sampleof many eventsoriginatingfrom thesame,but unknown class,theprobability is a
productof thesingleeventprobabilities:

������� ����
�������
�����	�� � ����� � ����� � � ��	��! "�#����	$

where������	 is aprior on theHiggsmasswhichweshalltake to beconstant.In thelimit of acontinuous
probability functionof theparticlemassthis methodgivesthebestpossibleestimateof themass,pro-
videdthattheprobabilityfunctionsarewell measuredandthevector � describingtheeventcontainsall
thenecessaryinformation.Oneshouldnote,thatno explicit knowledgeof thefunctionaldependenceof
themassestimate(invariantmass)is needed.

We considerthereaction%'& �)(� &+*-,/.�021 , in which theHiggsbosondecaysinto two
�
-mesons

producingtwo jets.Theobviousandsimplestestimateof thetheHiggsbosonmassis theinvariantmass
of thetwo jets. To calculatethemassestimatetheenergiesof two jetsandtheanglebetweenthemare
needed.Thesamethreevariablesareusedin theBayesiananalysis.

The energiesof reconstructedjets arenot calibratedconsequentlythe invariantmassof two jets
is shiftedtowardslower values. In this initial study, neitherphysicalnor combinatorialbackgroundis
present.Only perfectlytagged

�
-jetsareused.

2 METHOD

Monte Carlo eventswere generatedusing PGSsimulation[1]. Thirteensampleswith Higgs masses
between354768.:9 and ;�454<68.:9 with 4768.=9 incrementsweregenerated.For eachof theabove Higgs
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Fig. 1: Probabilitydistributionsfor thesamplesof 2000eventsgeneratedat four Higgsmasses:B)B2C�DFEHG , BJIHCKDFELG , B�MLCKDFELG
and BONPCQDFEHG (left plot). RMS asa function of B�RPS T , where T is a numberof eventsin a sample. Upperplot shows the

dependencefor a samplewith U7VXWYB�M)Z�[ \FDFEHG , thelower for U7VXWYBJIHCFDFEHG (right plot).

massestheprobabilityfunction �����$� ��	 (where � is a vectorof two jet energiesandcosineof theangle
betweenthem- . � , .�] and ^P_a`�b ) is fittedusinganeuralnetwork.

All the simulatedsamplesaredivided into two subsamples:oneis usedfor training the neural
network, thesecondfor further analysis.Following Ref. [3] eachof thesampleswastrainedagainsta
samplewith aflat distribution in all threevariables:.c� , . ] and ^P_a`db . Thefeed-forwardnetwork is trained
to return“1” for thePGSMonteCarlosampleand“0” for the“flat” sample.Theprobability �����$� ��	 is
obtainedfrom theoutput e�egfOh�i of theadequatelytrainedneuralnetwork:�#���F� ��	�� eYe fOh�i;kjle�e fOh�i �

The network consistsof threeinput nodes,50 nodesin the hiddenlayer and oneoutputnode.
Thereare13 independentnetworks,eachof themtrainedusinga samplewith differentHiggsmass.All
fitted functionsarelaternormalized,sotheprobabilitiesfor differentHiggsmassescanbecompared.

One advantageof a neuralnetwork fit is the fact that dataare not binned,which dramatically
improves the quality of the fit while fitting small samples. Also no analytical formula of the fitted
function is needed.The complexity of the function shapeis determinedby the numberof links (free
parameters)in theneuralnetwork. Thetrainedneuralnetwork canbeeasilyconvertedinto aC-language
function,which laterreturnstheprobabilityat very low CPUcost.

For eachevent, the trainedneuralnetworks returnthesetof probabilitiescorrespondingto each
Higgs mass.To obtainthe massestimatebasedon a sampleof few eventsthe probabilitiesshouldbe
multiplied. Insteadof the mode, the posteriormeanis usedas the estimate. This estimatereduces
fluctuationsandimprovesthemassresolution.

3 RESULTS

The probability distributionsasfunctionsof the Higgs massareshown in Fig. 1 for samplesof 2300
eventsgeneratedwith four differentHiggsmasses.On theY-axis the m�no�p�����$� ��	�	 is plotted,therefore
heightsof thebinsdiffer by ordersof magnitude.Theplot shows, thatthemaximaarelocatedat thetrue
Higgsmassvalues.

The resolutionof the massestimationis obtainedby analyzingthe root meansquare(RMS) of
thereconstructedmassdistribution asa functionof thenumberof eventsin thesample.It shouldscale
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accordingto theformula qorts ��uv	$w qorts �2;x	y u
where u is a numberof eventsin a sample.Fig. 1 shows this dependencefor samplesgeneratedwith
Higgs masses;�*cz�68.=9 and ;�{a|}�~4<68.=9 . The violation of the ;x� y u dependenceat small samplesize
is dueto the fact, that the RMS is limited by the Higgs massrange(i.e. 354#68.=9 to ;�454�6o.:9 ). For
greaternumbersof eventsin a samplesomeviolation of this dependencefor

r�� w�;�{a|}�~4o68.=9 sample
is observed. Sincethe closestgeneratedHiggs massesare ;�{54�68.:9 and ;P�azX68.:9 , the reconstructed
masstendsto be equalto oneof them,andthereforethe RMS is approximatelyhalf of the difference
betweenthem,i.e. *��~4�68.=9 . This effect canbe reducedby generatingMC sampleswith intermediate
Higgsmasses.

Fig. 2 shows thedependenceof thereconstructedmass(weightedmeanfor asampleof 57events)
andsingleevent RMS asa function of the true Higgs mass. The dependenceis fairly linear and the
massis properlyreconstructed.The resultsarecomparedto the meanandRMS of the invariantmass
distribution, which givesthemassessignificantlylower thanthe trueHiggsbosonmass.The invariant
massis scaledby afactorof 1.25andcomparedto theresultsof theBayesianmethod.Thereconstructed
massesand their errorsare very similar for both methods,i.e. using Bayesianprobabilitiesand the
standardinvariantmassapproachwith scaling.
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Fig. 2: Left plot shows the reconstructedHiggsmassvs. the trueHiggsmassfor theBayesianmethod(circles),meanof the

invariantmassdistribution (squares)andcorrectedmeanof theinvariantmassdistribution (triangles).Theerrorbarsrepresent

RMS of thedistributions.Thedatapointsareshiftedfor bettervisualization.In theright plot thereconstructedHiggsmassvs.

the trueHiggsmassfor theneuralnetwork directly returningtheHiggsmassis shown. TheerrorbarsrepresentRMS of the

distributions.

Theseresultsshow, thatthemethoddescribedherecouldbeeffective whenthefunctionaldepen-
denceof thereconstructedmassor otherparticlepropertyis unknown.

NEURAL NETWORK TRAINED TO RETURN HIGGS MASS DIRECTLY

A more straightforward approachto the particle massreconstructionis to train a neuralnetwork to
returndirectly theHiggsmass.This methodrequirestrainingonly onenetwork andthereforerequires
muchlessCPU.A neuralnetwork with two hiddenlayers(10nodesin eachlayer)wastrainedusingthe
extendeddatasample(Higgsmassfrom 354k68.=9 upto *5{cz�68.:9 in ;�z�68.:9 intervals)to reducetheedge
effects.
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The resultsareshown in Fig. 2. Also the samplesnot usedin the neuralnetwork training are
included(sampleswith Higgsmass354g6o.:9 , ;�za4�68.:9 , ;5;�4�68.=9 , ;�*54768.:9 , ;�{5476o.:9 , ;P�/4�68.:9 and;�454�68.:9 ). TheRMS errorsaremoderate,however the reconstructedmassesdiffer from theexpected
values.They areshiftedtowardsthemiddleof thespectrum,i.e. low massesarehigherthanexpected
andhighmassesarelower.

Thetrainingof theneuralnetwork minimizesthe � ] differencebetweentheexpectedandreturned
Higgsmasses.However, dueto thebroadinvariantmassdistribution, andthereforethesimilarity of the
eventswith differentmasses,the minimal � ] is obtainedby narrowing the spectrumof reconstructed
masses.This, again,is an edgeeffect. A training samplewith a muchbroaderHiggs massspectrum
wouldbenecessaryto gainthelineardependence.

CONCLUSIONS

TheBayesianapproachto theproblemof thereconstructionof theparticlemassor otherparticleprop-
ertiescanbeperformedwithout any knowledgeof thefunctionaldependenceof theparticlepropertyon
measuredquantities.However, for this method,asfor othermethods,a goodMonte Carlo simulation
of thephysicalprocessesandthedetectoris essential.In theexamplepresentedhere,wheretheHiggs
bosonmassis measured,themethodgivesa massresolutionsimilar to theoneobtainedusingstandard
invariantmassanalysis.I concludethat theinformationextractedby a neuralnetusingjet energiesand
theanglesbetweenthemis similar to thatencodedin theinvariantmass.By addingadditionalvariables,
it maybepossibleto improve thepower of themassreconstruction.

It wasalsoshown, thattheneuralnetwork is anexcellenttool notonly for signalandbackground
discrimination,but alsoto performmultidimensionalunbinnedfits. Theneuralnetwork, whenalready
trained,returnstheresultsandnearlynoCPUcostandcanbesimply incorporatedasa functioninto the
analysiscode.
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