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Abstract

| studythe Bayesianapproacho the reconstructiorof particle propertiesus-
ing asanillustrationthe measuremendf the Higgs bosonmass.Monte Carlo
eventsgeneratedvith variousHiggs massesareusedto determinethe proba-
bility distribution for eachHiggsbosonmass.The probabilityis a function of

measuredjuantitiesjn thisexampleenegiesof b-taggedetsaswell asthethe
anglebetweernthem. The probability distributions arefitted usingneuralnet-

worksandthefinal Higgsmassprobabilitydistribution is obtainedasaproduct
of thesingleeventdistributions. Themiscalibrationof themeasuredjuantities
is automaticallycorrectedoy the probability distributions.

| alsostudy a complementarynethodbasedon a neuralnetwork trainedto

returndirectly the Higgsmass.

1 INTRODUCTION

The precisionof particle propertyreconstructiorcanbe improved by usingdataanalysismethodsthat
betterexploit all theaccessiblénformation. The Bayesiarapproachbasecdn aninterpretatiorof prob-
ability asa conditionalmeasureof uncertainty provides suchan opportunity In this methodfor every
eventthe probability P(m|z) of z belongingto classm is computed.In our example“class” m is the
Higgs massandz is a vectorof variables.The event z is assignedo the classwith the highestproba-
bility. For a sampleof mary eventsoriginatingfrom the same but unknavn class,the probability is a
productof the singleeventprobabilities:

P(ml|z1,...,zn) x (H P(:I:,|m)> x P(m) ,
i=1

whereP(m) is aprior ontheHiggsmasswhich we shalltake to be constantin thelimit of acontinuous
probability function of the particle massthis methodgivesthe bestpossibleestimateof the mass pro-
videdthatthe probabilityfunctionsarewell measure@ndthevectorz describingthe eventcontainsall
the necessarynformation. Oneshouldnote,thatno explicit knowvledgeof thefunctionaldependencef
the massestimatg(invariantmass)s needed.

We considerthereactionH — bb — 2 jets, in which the Higgs bosondecaysnto two b-mesons
producingtwo jets. The obviousandsimplestestimateof thethe Higgsbosonmasss theinvariantmass
of thetwo jets. To calculatethe massestimatethe enegiesof two jetsandthe anglebetweerthemare
neededThesamethreevariablesareusedin the Bayesiaranalysis.

The enegiesof reconstructegets are not calibratedconsequentlyhe invariantmassof two jets
is shiftedtowardslower values. In this initial study neitherphysicalnor combinatorialbackgrounds
presentOnly perfectlytagged-jetsareused.

2 METHOD

Monte Carlo eventswere generatedusing PGSsimulation[1]. Thirteensampleswith Higgs masses
betweerd5 GeV and155 GeV with 5 GeV incrementsveregenerated For eachof the above Higgs
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Fig. 1: Probabilitydistributionsfor thesampleof 2000eventsgenerateat four Higgsmassesi10 GeV, 120 GeV, 130 GeV
and140 GeV (left plot). RMS asa function of 1/+/n, wheren is a numberof eventsin a sample. Upper plot shavs the
dependencéor asamplewith My = 137.5 GeV, thelowerfor My = 120 GeV (right plot).

masseshe probability function P(z|m) (wherez is avectorof two jet enegiesandcosineof theangle
betweerthem- e1,eo andcos ) is fitted usinga neuralnetwork.

All the simulatedsamplesare divided into two subsamplesoneis usedfor training the neural
network, the secondfor further analysis.Following Ref. [3] eachof the samplesvastrainedagainsta
samplewith aflat distribution in all threevariables:e;,e; andcos 6. Thefeed-forvard network is trained
to return“1” for the PGSMonte Carlosampleand“0” for the“flat” sample.The probability P(z|m) is
obtainedfrom the output N N,,,; of theadequatelyrainedneuralnetwork:

NNout

P —_—.
(@lm) o T N

The network consistsof threeinput nodes,50 nodesin the hiddenlayer and one outputnode.
Thereare13 independennetworks, eachof themtrainedusinga samplewith differentHiggs mass.All
fitted functionsarelaternormalized sothe probabilitiesfor differentHiggs massesanbe compared.

One adwantageof a neuralnetwork fit is the fact that dataare not binned, which dramatically
improves the quality of the fit while fitting small samples. Also no analyticalformula of the fitted
function is needed.The compleity of the function shapeis determinedby the numberof links (free
parametersin the neuralnetwork. Thetrainedneuralnetwork canbe easilycorvertedinto a C-language
function,which laterreturnsthe probabilityat very low CPU cost.

For eachevent, the trainedneuralnetworks returnthe setof probabilitiescorrespondingo each
Higgs mass. To obtainthe massestimatebasedon a sampleof few eventsthe probabilitiesshouldbe
multiplied. Insteadof the mode, the posteriormeanis usedas the estimate. This estimatereduces
fluctuationsandimprovesthe massresolution.

3 RESULTS

The probability distributions as functionsof the Higgs massare shavn in Fig. 1 for samplesof 2300
eventsgeneratedvith four differentHiggs massesOn the Y-axistheln (P(z|m)) is plotted,therefore
heightsof the binsdiffer by ordersof magnitude .The plot shavs, thatthe maximaarelocatedat thetrue
Higgsmassvalues.

The resolutionof the massestimationis obtainedby analyzingthe root meansquare(RMS) of
the reconstructednassdistribution asa function of the numberof eventsin the sample.lt shouldscale
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accordingo theformula

RMS(1)
M =7/
RMS(n) NG

wheren is a numberof eventsin a sample.Fig. 1 shavs this dependencéor sampleggeneratedvith
Higgs massed20 GeV and137.5 GeV. Theviolation of the 1/4/n dependencat small samplesize
is dueto the fact, thatthe RMS is limited by the Higgs massrange(i.e. 95 GeV to 155 GeV). For
greatemumbersof eventsin a samplesomeviolation of this dependencéor My = 137.5 GeV sample
is obsered. Sincethe closestgeneratedHiggs massesre135 GeV and140 GeV, thereconstructed
masstendsto be equalto one of them,andthereforethe RMS is approximatelyhalf of the difference
betweerthem,i.e. 2.5 GeV. This effect canbe reducedby generatingC sampleswith intermediate
Higgsmasses.

Fig. 2 shavs thedependencef thereconstructednasgweightedmeanfor a sampleof 57 events)
andsingle event RMS as a function of the true Higgs mass. The dependences fairly linear andthe
massis properlyreconstructed.The resultsare comparedo the meanand RMS of the invariantmass
distribution, which givesthe massesignificantlylower thanthe true Higgs bosonmass. The invariant
masss scaledby afactorof 1.25andcomparedo theresultsof the Bayesiarmethod.Thereconstructed
massesand their errorsare very similar for both methods,i.e. using Bayesianprobabilitiesand the
standardnvariantmassapproachwith scaling.
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Fig. 2: Left plot shavs the reconstructedHiggs massvs. thetrue Higgs massfor the Bayesiarmethod(circles), meanof the
invariantmassdistribution (squaresandcorrectedneanof theinvariantmassdistribution (triangles).The errorbarsrepresent
RMS of thedistributions. The datapointsareshiftedfor bettervisualization.In theright plot thereconstructeddiggs massvs.
the true Higgs massfor the neuralnetwork directly returningthe Higgs massis shavn. The error barsrepresenRMS of the
distributions.

Theseresultsshaw, thatthe methoddescribecdherecould be effective whenthe functionaldepen-
denceof thereconstructednassor otherparticlepropertyis unknavn.

NEURAL NETWORK TRAINED TO RETURN HIGGSMASSDIRECTLY

A more straightforward approachto the particle massreconstructions to train a neuralnetwork to
returndirectly the Higgs mass. This methodrequirestraining only one network andthereforerequires
muchlessCPU.A neuralnetwork with two hiddenlayers(10 nodesin eachlayer)wastrainedusingthe
extendeddatasampleg(Higgsmassrom 95 GeV upto 230 GeV in 10 GeV intenals)to reduceheedge
effects.
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The resultsare shavn in Fig. 2. Also the samplesnot usedin the neuralnetwork training are
included(sampleswith Higgs mass95 GeV, 105 GeV, 115 GeV, 125 GeV,135 GeV, 145 GeV and
155 GeV'). The RMS errorsare moderatehowever the reconstructednassedliffer from the expected
values. They are shiftedtowardsthe middle of the spectrumj.e. low massesrehigherthanexpected
andhighmassesrelower.

Thetrainingof theneuralnetwork minimizesthe y? differencebetweerthe expectedandreturned
Higgs massesHowever, dueto the broadinvariantmassdistribution, andthereforethe similarity of the
eventswith differentmassesthe minimal x? is obtainedby narrawing the spectrumof reconstructed
masses.This, again,is an edgeeffect. A training samplewith a muchbroaderHiggs massspectrum
would be necessaryo gainthelineardependence.

CONCLUSIONS

The Bayesiarapproacho the problemof the reconstructiorof the particlemassor otherparticle prop-
ertiescanbe performedwithout ary knowledgeof the functionaldependencef the particlepropertyon
measuredjuantities. However, for this method,asfor othermethods,a good Monte Carlo simulation
of the physicalprocesseandthe detectoris essential.In the examplepresentedhere,wherethe Higgs
bosonmassis measuredthe methodgivesa massresolutionsimilar to the one obtainedusingstandard
invariantmassanalysis.| concludethatthe informationextractedby a neuralnetusingjet enegiesand
theanglesbetweerthemis similar to thatencodedn theinvariantmass.By addingadditionalvariables,
it may be possibleto improve the power of the massreconstruction.

It wasalsoshawn, thatthe neuralnetwork is anexcellenttool not only for signalandbackground
discrimination,but alsoto performmultidimensionaunbinnedfits. The neuralnetwork, whenalready
trained,returnstheresultsandnearlyno CPU costandcanbe simply incorporatedasa functioninto the
analysiscode.
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