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Abstract
Thispaperdescribesanapplicationof aneuralnetwork approachto SM (stan-
dardmodel)andMSSM(minimalsupersymetrystandardmodel)Higgssearch
in theassociatedproduction

������
with

���
	 �	
. This decaychannelis consid-

eredasadiscovery channelfor Higgsscenariosfor Higgsbosonmassesin the
range80 - 130GeV. A neuralnetwork modelwith a specialtypeof dataflow
is usedto separate

� �����
backgroundfrom

����	 �	
events.Thisneuralnetwork

combinesa classicalneuralnetwork andlinear decisiontree. Parametersof
theseneuralnetworksarerandomlygeneratedanda populationof predefined
sizeof thosenetworks is trainedasan initial generationfor a subsequentge-
neticalgorithmoptimization.A geneticalgorithmtunesparametersof further
neuralnetwork individualsderived from thepreviousneuralnetworksby GA
operationsof crossoverandmutation.Thegoalof thisGA processis optimiza-
tion of thefinal neuralnetwork performance.

Ourresultsshow thatNN approachisapplicableto theproblemof Higgsboson
detection.Neuralnetwork filters canbe usedto emphasizethe differenceof
the ����� distribution for eventsacceptedby filter (with better ������������ ��� ����!�"�#$�&% rate)

andthe ����� distribution for originalevents(with original ������������ ��� ����!�"�#$�&% rate)with
no lossof significance.This improvementof theshapeof the �'��� distribution
canbe usedasa criterion for existenceof Higgs bosondecayin considered
discovery channel.

1 Introduction

Thiswork is devotedto theapplicationof neuralnetworksto highenergy physics.Thereis abroadcon-
sensusin physicscommunitythattheLargeHadronCollider (LHC) atCERN,shouldhave thecapability
to confirm the presenceof Higgs boson. Using simulatedoutput from the LHC basedon the simula-
tion packagePYTHIA, we have availabletwo setsof events,onewith Higgs bosondecay(we denote
this assignal)anda secondwithout Higgsbosondecay(we denotethis asbackground).Sowe cansee
theproblemof Higgsbosonsearchasa classicalproblemof patternrecognitionwith theexceptionthat
thequality of separationis measuredasa differencebetweentwo distribution curvescorrespondingto
separatedsets.

Neuralnetsarewidely usedin patternrecognitionproblemsandasfunctionsapproximationtools.
Therearemany typesof artificial neuralnetworkswhichdiffer in architecture,in thetypeof implemented
transferfunctionsandstrategy of learning.In view of theiruniversalapproximationproperty, wedecided
to usea specialkind of neuralnets,namelyneuralnetwork with switchingunits[1], [2], [3] to solve the
patternrecognitionproblempostulatedabove. To reachbetterperformanceof theseneuralnetworks,we
tunethetopologyandparametersof suchnetworksvia ageneticalgorithmoptimization.(

Thiswork is supportedby grantof Ministry of TradeandIndustryof theCzechRepublic,ProjectNo. RP-4210/69/97.
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Fig. 2: A topologyof simplifiedbuilding block.

2 Description of neural network with switching units

Neuralnetwork with switchingis acombinationof aclassicalneuralnetwork architectureandadecision
tree. This network is actuallyan orientedacyclic graph(seeFig. 1) whosenodesarestructurescalled
building blocks.Thisacyclic graphwill bereferencedastheoutergraph.
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Fig. 1: Schemaof connectionbetweenbuilding

blocks.

Eachbuilding block is a neuralnetwork consistingof
two typesof nodes.Thesenodesareconnectedin sucha way
that they againform an acyclic graphbut with the restriction
that the outputsdimensionof the building block is the same
for all building blocks in the outer graph. The first type of
node,which we refer to asa functionalunit, makesa prede-
finedmappingfrom the input spaceto theoutputspaceof this
node. Hencesuchnodecanbe describedby a tuple of inte-
gers(inputvectordimensionandoutputvectordimension)and
by its transferfunction. The definition of this transferfunc-
tion includesparametersof this functionalunit (weightvectors,
thresholdetc. in currentneuralnetworksterminology).

This transferfunctioncandiffer for eachfunctionalunit.
For example, let now we describetransferthe function cur-
rently implemented.Let âã �åä

æ � , ç ä
èLé&êpëpëpë�êíìcî

are input
patternsinto thefunctionalunit. Let its correspondingdesired

outputsbe denotedas âï � ä
ænð

, ç ä
èLé&êpëpëpë�êíìcî

. The desiredoutputof functionalunit cangenerally
be different from the desiredoutputof the whole network, but for the sake of clarity we assumethat
desiredoutputof eachfunctionalunit is thesameasthedesiredoutputof thewholenetwork. A simple
caseof a transferfunctionis a linearmappingwhichminimizesthenormof thevector ñyò óõô ê

where
ò ä

æ ð÷ö � is matrix of weight parameters,ñ ä
æ � ö�ø

is a matrix which rows arevectors âã � and
ô ä

ænð÷ö�ø
is amatrix which rows areformedby vectors âï � .

Thesecondtypeof nodes,switchingunits, collectall outputsfrom parentfunctionalunits, con-
catenatethemtogetherto form onevector, andsearchfor a predefinednumberof clustersin thesetof
suchinputvectors.WeusetheJancey clusteralgorithmwhichis anon-deterministicproceduredescribed
in thefollowing schema:

Let ù bethenumberof desiredclusters(which is equalto thenumberof switchingunit children).
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âú F
êpëpëpë$ê âú ø areoutputvectorsof switchingunit parents, û2âã û�ü is Euclideannormof thevector âã .

1. for a randomlychosensequence
éþý �

FOÿ
�
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�
%

ý ì
setcenters

â� � ���� H â� "��X%� H âú	��
 andsets
�� � ���� H

�� "���%� H
è âú��
 î ê�� ä

èLé&êpëpëpë�ê ù î
2. let � F ê ����� ê � ø bea randompermutationof the

é&ê ����� êíì ,

3. FORALL � H � F ê ����� ê � ø
DO

find anindex
�

suchthat âú � ä
�� "���%� , � H ����������� F�D������ D % �! #""" â� "��X%� ó âú � """ ü%$ç H ���&�  ' ((( """ â� "���%) ó âú � """ ü H � $

andredefine:* "��X%� H â� "��X%� ó,+ú.-�/ +�10�2 3
4 5 0�2 3
 4 , * "���%� H â� "���%�76 +ú.-8/ +�90�2 3:4 5 0�2 3: 4�� "���%� H
�� "��X%�<; è âú �

î
,

�� "���%� H
�� "��X%�>= è âú �

î
,

END

4. IF
J@?�� K�J �� � ���� AH �� "��X%� K

THEN for all such
�

let â� � ���� H â� "���%� ,
�� � ���� H

�� "��X%� andGOTO 2

5. STOP

After clusteringeachclusteris associatedwith a correspondingchild functionalunit andthepa-
rametersof this functionalunit areadjustedwith regardto patternsin thecorrespondingclusteronly. In
fact,divisionof inputpatternsinto two or moredisjoint sets,andconsecutive learningover thesesubsets
of patterns,putaseparationhypersurfaceinto theinputspace.Thetypeof thesehypersurfacesis defined
by thetypeof transferfunctionsof switchingunit parents.

Soeachbuilding blockis learned,theoutputfrom eachbuilding blockis propagatedto all children,
andtheoutputof thetopbuilding block is consideredasfinal outputfrom theneuralnetwork.

3 Tuning of neural nets via GA procedure

Thecomputationalpower of aneuralnetwork dependsin generalon

1. structureandconnectionstate(topologyof thenet)

2. learningmethod.

The secondoneis moreor lessquestionof amountof learningdataandquality of the learning
method.Themaingoalof eachlearningmethodis optimizationof somefitnessfunctiondefinedon the
setof all possibleneuralnet parameters.We view this problemasa global optimizationof the fitness
function. Therearemany gradientmethodsto find a local solution(minimumor maximum).But these
methodsdoesnot allow to find a globalextremepoint of thefitnessfunctiondueto thenon-continuous
natureof someparameters(typesof transferfunction,numberof inputs,graphconnections,etc.). We
needto usesomenongradientglobaloptimizationmethodto do this. But many deterministictechniques
of global optimization,like divide andconquer, or analyticextreme,aren’t efficient on acyclic graph
problems.Thereforewe decidedusegeneticalgorithmsto setup theparametersandtopologyof neural
net.Theoreticalanalysisof GA impliesthatnobestsolutionis reached,but theaveragefitnessincreases
at all in new generations.This is donedue a specialpropertyof GA which is known as a implicit
parallelism(see[5]). Briefly, theimplicit parallelismtheoremimpliesthatanexponentiallylargesetsof
parameterspacearesearchedfor domainswith above-averagefitnessin polynomialtime.

Concerningthe implementation,a queue(FIFO) of randomlygeneratednetworks is constructed
(this queuehasuserpredefinedlength). Thenevery network is trainedandtested,andits fitnessevalu-
ated. We usethe following fitnessfunctions(denoting

�
� by acceptedsignal,e.g. all signalscorrectly

classified,B � acceptedbackground,
�
! rejectedsignal,e.g. all misclassifiedsignal, B ! rejectedback-

ground)at thismoment:
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Fig. 4: Feynmandiagramof decaytrees.

1. maximalenrichmentfactor, e.g. ��MON 58P5IQ underconditionthat theamountof acceptedsignalwill
bestatisticallysignificant

2. minimal loss of signal undercondition on amountof rejectedbackground,e.g. ��MON � � andB ! H predefinedvalue

3. maximal rejectionof signal undercondition on amountof acceptedsignal, e.g. ��MON B ! and�
� H predefinedvalue

4. maximizationof quality factor, e.g. ��MON �
�R �

� 6 B �
ë

5. negative valueof total meansquareerroroverall events

Thevaluesof fitnessof thenetworksin thequeueformsthebasisfor theprobabilityaccordingto
which theparentsof newbornnetworksarechosen.After parentsareselected,crossover is considered.
Crossover is aninterchangeof correspondingblocks. Note thatblockshave thesamenumberof inputs
andthesamenumberof outputs,sothey arechangeable.Anothergeneticoperatorconsideredis mutation
which shouldbe usedvery rarely. We have somemutationoperation(edgeremoving, edgeadding,
activation function change,etc.) for disposal. The new structuresis grown, then trained,testedand
evaluated.And soon,until somecriteriaarereached,for examplegenerationcount,acceptablelevel of
specifiedfitness,etc.

4 Application of neural network with switching units and genetic algorithms to Higgs boson
search
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M_bb for signal and background (slides-pictures/exact.results.test.dta.res)

signal 1250, mean=120.7, var=55.7 (smooth 0)
background 7017, mean=110.9, var=70.7 (smooth 0)
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Fig. 3: Histogramof SUT&VT for signalandbackground.

As we already mentionedthe objective of our
work is a searchfor

� � 	 �	
decay. There is

a certainprobability that Higgs bosonsare pro-
ducedin consideredcollision (seeFig. 4, a)).
In the casethat the massof the Higgs bosonisW ýYX[Z\Z1] EI^ F * M adecay

� � 	 � 	
dominate.The

mainbackground(seeFig. 4, b)) involvesagluon
insteadof the Higgs boson,producingthe same
final state.

Theproductsof this typeof collision are2
jets from one _ decay, 4 b-jets,andonelepton
(electronor muon)plus missingenergy from an
unobservedneutrino.Eachvisibleparticle(2 jets,
4 b-jetsand lepton) is describedby threevalues
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`Ga
– transversemomentumb ] EI^ F * M8c , d – pseudorapidityand e – directionangles,correspondingto

particlevectorswith negligible mass.The neutrinois describedby two missingenergy values f ð �r���g ,f ð ��� �h . A fundamentalvariablewhich canbeusedin theHiggsbosonsearchis a effective mass����� of
two

	
-’s which canariseeitherform Higgsbosondecayor from gluondecayafter

ì �ì collision. There
arelot of eventswith gluondecay(background)andmuchfewereventswith Higgsdecay(signal).Each
of thesetwo classesof eventshave differentdistribution of the effective mass�'��� . The Higgs boson
decayis theoreticallya Gaussiandistribution with mean120

] EI^ F * M and i H
é8j9] EO^ F * M , whereasthe

gluondecayis muchbroader. Thedifferencebetweenthosetwo distributionscanbeexploitedto decide
if Higgsbosondecayis presentin thedataor not. In addition,otherphysicalreasonsrejectall eventsin
which at leastoneof thefollowing conditionshasbeensatisfied:at leastonejetshas

` a
ÿ

é8j9] EI^ , at
leastonejet haspseudorapidityoutof therange

J ó X,ëkj,êlX,ëkj K
, theleptonis electronand

` � � øa ÿ
X[Z1] EI^ ,

the leptonis muonand
` � � øa ÿnm ] EI^ . All eventspassingthoserestrictionsform thehistogramin Fig.

3. Reallydatado not provide informationaboutthepresenceof Higgsdecayin theevent,hencefor real
datawe have availablethe total distribution of ����� (seeFig. 3, uppercurve) only. For simulateddata,
we canplot two histogramsof ����� , onefor backgroundonly andthe secondonefor puresignal(see
Fig. 3, two lower curves). Neuralnetworks assumewe know thedistributionsof signalandseparated
background.So the main ideaof how to exploit neuralnetworks to confirm Higgs decaypresenceis
basedon filtering eventsin sucha way thatpercentageof signalwill be increasedafterfiltering andat
thesametime significance

5oPp 5 P�q.rP will stayon thesamelevel.

5 Results and Conclusions
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Fig. 5: Histogramof neuralnetwork outputfor signalandback-

ground.

Some experimentswere performedwith signal
andbackgrounddatadescribedin section4. We
useraw datafrom PYTHIA. Our first resultsare
demonstratedin plot 5. It is evident that neu-
ral nets with switching units are able to partly
separatesignalwith Higgsdecayandbackground
without Higgsdecay. As we canseenon theplot
mentioned,it is possibleto choosean interval in
which signaldominatebackground,for exampleJtZ ë�u1j,ê�Z ëwv[j K

. Wecall suchaninterval abestsignal
window. On theotherhandwe cantake interval,
in which thesignalis suppressedandbackground
will bedominant,for example

JtZ ëkX[Z ê�Z ë�u1j K
. We

call suchaninterval abestbackgroundwindow. If
Higgsdecayis presentthanwe canassumethata
plot of �'��� over all eventsmappedby theneural

network into thebestsignalwindow will differsfrom basedon eventsmappedinto thebestbackground
window. In fact,for oursimulateddatatheseplotsdodiffer: seeFig. 6 a)and6 b). Of coursetheseplots
shouldbedifferentfrom theplot onFig. 3.

Henceour first experimentsconvincedus that thechosenapproachto separationof Higgsdecay
seemsto beapplicableandpromiseusefuldetectionmethods.

Finally we point out thatdevelopedseparationmethodbasedon neuralnetworkswith switching
units and geneticoptimization is universalseparationmethodwhich can be usedfor variouspattern
recognitionproblem.Perhapssomemayfind this methodtoo extensive, especiallytheGA part,but no
effective methodfor neuralnet topologyandparametertunning is known to this time. In the future,
we plan to implementfurther transferfunction for functional nodes,parallelingof transferfunction
optimizationvia takingsomeparallelversionof optimizationroutine(parallelLAPACK, for example)
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M_bb for signal and background in range 0.45-0.75 (slides-pictures/0387.test.dta.res)
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(a) Signalwindow: S T&T for eventsmappedinto range
0.45-0.75.
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Fig. 6: Signalandbackgroundwindows.

andapplythisseparationtool to anotherpatternrecognitionproblems.
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