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Abstract

This paperdescribesnapplicationof a neuralnetwork approactio SM (stan-
dardmodel)andMSSM (minimal supersymetrgtandardanodel)Higgssearch
in the associategroductiontfH with H — bb. This decaychanneis consid-
eredasadiscorery channefor Higgsscenariogor Higgsbosonmasses the

range80 - 130GeV. A neuralnetwork modelwith a specialtype of dataflow

is usedto separatet;j backgroundrom H — bb events.This neuralnetwork

combinesa classicalneuralnetwork andlinear decisiontree. Parameterof

theseneuralnetworks arerandomlygeneratednda populationof predefined
sizeof thosenetworks is trainedasaninitial generatiorfor a subsequenge-

neticalgorithmoptimization.A geneticalgorithmtunesparametersf further
neuralnetwork individualsderived from the previous neuralnetworks by GA

operation®f crosseer andmutation. Thegoalof this GA processs optimiza-
tion of thefinal neuralnetwork performance.

Ourresultsshav thatNN approachs applicableto theproblemof Higgsboson
detection. Neuralnetwork filters canbe usedto emphasizehe differenceof
the My, distribution for eventsacceptedy filter (with better—>4mel__ rate)

background

andthe My, distribution for original events(with original Wﬁ’% rate)with
no lossof significance . Thisimprovementof the shapeof the My, distribution
canbe usedasa criterion for existenceof Higgs bosondecayin considered

discovery channel.

1 Introduction

Thiswork is devotedto theapplicationof neuralnetworksto high enegy physics.Thereis abroadcon-

sensusn physicscommunitythattheLargeHadronCollider (LHC) at CERN,shouldhave thecapability
to confirm the presenceof Higgs boson. Using simulatedoutputfrom the LHC basedon the simula-
tion packagePYTHIA, we have availabletwo setsof events,one with Higgs bosondecay(we denote
this assignal)anda secondwithout Higgs bosondecay(we denotethis asbackground).Sowe cansee
the problemof Higgs bosonsearchasa classicalproblemof patternrecognitionwith the exceptionthat
the quality of separations measuredsa differencebetweentwo distribution curves correspondingo

separatedets.

Neuralnetsarewidely usedin patternrecognitionproblemsandasfunctionsapproximatiortools.
Therearemary typesof artificial neuralnetworkswhichdiffer in architecturein thetypeof implemented
transferfunctionsandstratgy of learning.In view of their universalapproximatiorproperty we decided
to usea specialkind of neuralnets,namelyneuralnetwork with switchingunits[1], [2], [3] to solve the
patternrecognitionproblempostulatedabove. To reachbetterperformancef theseneuralnetworks, we
tunethetopologyandparametersf suchnetworks via a geneticalgorithmoptimization.

*This work is supportedby grantof Ministry of TradeandIndustryof the CzechRepublic,ProjectNo. RP-4210/69/97.
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n; is numberof layers,M; = Ny,
and

Xinkg = M @ - - © My (Xin)

1-layer

for k> 1.

Mk = NkSk(xin,k_l)a

Fig. 2: A topologyof simplified building block.

2 Description of neural network with switching units

Neuralnetwork with switchingis acombinatiorof a classicaheuralnetwork architectureanda decision
tree. This network is actuallyan orientedagyclic graph(seeFig. 1) whosenodesarestructurescalled

building blocks.Thisagyclic graphwill bereferencedisthe outergraph.
%

15 pei 2 Eachbuilding block is a neuralnetwork consistingof
» M AN . two typesof nodes.Thesenodesare connectedn sucha way
R "* ;;\J that they againform an agyclic graphbut with the restriction
¥ that the outputsdimensionof the building block is the same
3 s (.v’\ﬁ for all building blocksin the outer graph. The first type of
N . . .
< node,which we refer to asa functionalunit, makes a prede-
12;1 ;;G . i fined mappingfrom the input spaceto the outputspaceof this
&iw node. Hencesuchnode can be describedby a tuple of inte-
4 g’ S L Wi ] gers(inputvectordimensionandoutputvectordimension)and
Loh o Ly by its transferfunction. The definition of this transferfunc-
N T . tion includesparametersf thisfunctionalunit (weightvectors,
. . thresholdetc. in currentneuralnetworksterminology).

Thistransferfunctioncandiffer for eachfunctionalunit.
For example, let now we describetransferthe function cur
rently implemented.Let Z; € R", i€ {1,...,p} areinput
patternsnto the functionalunit. Let its correspondinglesired
outputsbe denotedasy, € R™, i€ {1,...,p} . Thedesiredoutputof functionalunit cangenerally
be differentfrom the desiredoutputof the whole network, but for the sale of clarity we assumehat
desiredoutputof eachfunctionalunit is the sameasthe desiredoutputof thewhole network. A simple
caseof atransferfunctionis alinearmappingwhich minimizesthenormof thevectorAW — Y, where
W € R™*" is matrix of weight parametersA € R™*P is a matrix which rows are vectorsZ; and
Y € R™*P is amatrix which rows areformedby vectorsy;.

The secondtype of nodes,switchingunits, collectall outputsfrom parentfunctional units, con-
catenatehemtogetherto form onevector andsearchfor a predefinechumberof clustersin the setof
suchinputvectors.We usethe Jancg clusteralgorithmwhichis anon-deterministiprocedurelescribed
in thefollowing schema:

Let d bethenumberof desiredclusters(which is equalto the numberof switchingunit children).

Fig. 1: Schemaf connectiorbetweerbuilding
blocks.
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Z1,...,Zp areoutputvectorsof switchingunit parents, ||&||; is Euclideamormof thevector & .

1. for arandomlychosersequencé < j; < js < --- < jg < p Setcenters

& =g =z, andsets Sy =S50 ={z;},q€{l,....d}
2. letry,---,r, bearandompermutatiorof thel, - - -, p,
3. FORALL k =71,---,7p
DO
find anindex ¢ suchthatzy, € 524, p = minyeqr,_g) {‘ &l z, E}
o | [et-2], )
andredefine:
> _ gold = ~old
ld 2r—C ld , Zp—C;
C_Zld = EE; - rsgldq‘ K Cgld :_ E;) + ‘ksfld|
Sgld = Sghd\ {2y}, St = 59 U {2},
END

4. IF (3q)(Snevw # §oid)
THEN for all suchg let & = &', Srew = o4 andGOTO 2
5. STOP

After clusteringeachclusteris associatedvith a correspondinghild functionalunit andthe pa-
rameterf this functionalunit areadjustedwith regardto patternsn the correspondinglusteronly. In
fact,division of input patterngnto two or moredisjoint sets,andconsecutie learningover thesesubsets
of patternsputaseparatiomypersurficeinto theinputspace.Thetype of thesehypersuricess defined
by thetype of transferfunctionsof switchingunit parents.

Soeachbuilding blockis learnedtheoutputfrom eachbuilding blockis propagatedo all children,
andthe outputof thetop building block is consideredsfinal outputfrom the neuralnetwork.

3 Tuning of neural netsvia GA procedure

Thecomputationapower of aneuralnetwork dependsn generalbn
1. structureandconnectiorstate(topologyof the net)
2. learningmethod.

The secondoneis moreor lessquestionof amountof learningdataand quality of the learning
method.The maingoal of eachlearningmethodis optimizationof somefitnessfunctiondefinedon the
setof all possibleneuralnet parametersWe view this problemasa global optimizationof the fitness
function. Therearemary gradientmethodgo find a local solution(minimum or maximum). But these
methodsdoesnot allow to find a global extremepoint of thefitnessfunctiondueto the non-continuous
natureof someparametergtypesof transferfunction, numberof inputs,graphconnectionsetc.). We
needto usesomenongradienglobal optimizationmethodto do this. But mary deterministidechniques
of global optimization,like divide and conquer or analytic extreme,arent efficient on agyclic graph
problems.Thereforewe decidedusegeneticalgorithmsto setup the parameterandtopologyof neural
net. Theoreticalnalysisof GA impliesthatno bestsolutionis reachedbut the averagefitnessincreases
at all in new generations. This is donedue a specialpropertyof GA which is known as a implicit
parallelism(seg[5]). Briefly, theimplicit parallelismtheoremimpliesthatanexponentiallylarge setsof
parametespacearesearchedor domainswith above-averagefitnessin polynomialtime.

Concerningthe implementationa queue(FIFO) of randomlygenerateaetworks is constructed
(this queuehasuserpredefinedength). Thenevery network is trainedandtested,andits fitnessevalu-
ated. We usethe following fitnessfunctions(denotingS, by acceptedsignal,e.g. all signalscorrectly
classified,B, acceptedackground,S, rejectedsignal,e.g. all misclassifiedsignal, B, rejectedback-
ground)atthis moment:
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Fig. 4: Feynmandiagramof decaytrees.

1. maximalenrichmenfactor e.g. maxg—: underconditionthatthe amountof acceptedignalwill
be statisticallysignificant

2. minimal loss of signal under condition on amountof rejectedbackground,e.g. maxS, and
B, =predefinedralue

3. maximal rejection of signal undercondition on amountof acceptedsignal, e.g. max B, and
S, =predefinedralue

4. maximizationof quality factor e.g.
Sa

VS, + B,
5. negative valueof total meansquaresrrorover all events

Thevaluesof fithessof the networksin the queueformsthe basisfor the probability accordingto
which the parentsof nevborn networks arechosen.After parentsareselectedcrosseer is considered.
Crosswer is aninterchangeof correspondingplocks. Note that blockshave the samenumberof inputs
andthesamenumberof outputs sothey arechangeableAnothergeneticoperatoiconsidereds mutation
which shouldbe usedvery rarely We have somemutationoperation(edgeremoving, edgeadding,
activation function change,etc.) for disposal. The new structuresis growvn, thentrained,testedand
evaluated.And soon, until somecriteriaarereachedfor examplegeneratiorcount,acceptabléevel of
specifiedfitnessetc.

max

4 Application of neural network with switching units and genetic algorithms to Higgs boson
search

As we already mentionedthe objectve of our

" resls e ctares) work is a searchfor H — bb decay Thereis
T a certain probability that Higgs bosonsare pro-

ks M ducedin consideredcollision (seeFig. 4, a)).
RN AT In the casethat the massof the Higgs bosonis

A m < 200GeV/c? adecayH — bb dominate.The
: mainbackgroundseeFig. 4, b)) involvesagluon
‘ insteadof the Higgs boson,producingthe same

final state.

s ot The productsof this type of collision are2
jetsfrom one W decay 4 b-jets,and onelepton
(electronor muon) plus missingenegy from an
Fig. 3: Histogramof M, for signalandbackground. unobsered neutrino.Eachvisible particle(2 jets,
4 b-jetsand lepton)is describedby threevalues
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Pr — transersemomentum/GeV/c?], n — pseudorapidityand ¢ — direction angles,correspondingo
particle vectorswith negligible mass. The neutrinois describedby two missingenegy valuesE™**,
E;”i“. A fundamentalariablewhich canbe usedin the Higgs bosonsearchs a effective massiy,, of
two b-'s which canariseeitherform Higgs bosondecayor from gluon decayafter pp collision. There
arelot of eventswith gluondecay(backgroundandmuchfewer eventswith Higgsdecay(signal). Each
of thesetwo classeof eventshave differentdistribution of the effective massMy,. The Higgs boson
decayis theoreticallya Gaussiardistribution with mean120GeV/c? ando = 15GeV/c?, whereaghe
gluondecayis muchbroader The differencebetweenhosetwo distributionscanbe exploitedto decide
if Higgsbosondecayis presenin thedataor not. In addition,otherphysicalreasonsejectall eventsin
which atleastone of the following conditionshasbeensatisfied:at leastonejetshasPr < 15GeV, at
leastonejet haspseudorapidityput of therange (—2.5, 2.5) , theleptonis eIectronandelfp < 20GeV,

theleptonis muonandP%ep < 6GeV. All eventspassinghoserestrictionsform the histogramin Fig.
3. Reallydatado not provide informationaboutthe presencef Higgsdecayin the event, hencefor real
datawe have availablethe total distribution of My, (seeFig. 3, uppercurwe) only. For simulateddata,
we canplot two histogramsof My, onefor backgroundonly andthe secondone for pure signal (see
Fig. 3, two lower curwes). Neuralnetworks assumeve know the distributions of signalandseparated
background.So the main ideaof how to exploit neuralnetworks to confirm Higgs decaypresencas
basedon filtering eventsin sucha way that percentag®f signalwill beincreasedafterfiltering andat

thesametlmesgmﬁcancWﬁwnl stayonthesamelevel.

5 Resultsand Conclusions

Some experimentswere performedwith signal
Histogram of background and signalor 1780 estdtares andbackgrounddatadescribedn section4. We
T useraw datafrom PYTHIA. Our first resultsare
r demonstratedn plot 5. It is evident that neu-
%0 ral netswith switching units are able to partly
% separateignalwith Higgsdecayandbackground
without Higgs decay As we canseenon the plot
mentioned,t is possibleto chooseanintenal in

)
=)

ts/bi
&
I

i
’ ’ \ \ which signal dominatebackgroundfor example
“ ‘ ‘ / \ (0.45,0.75) . We call suchaninterval abestsignal
© L\ \ window. On the otherhandwe cantake intenal,
0 - s - in which the signalis suppressedndbackground

(6) < NNSU output > (5)

will be dominant,for example (0.20,0.45) . We
Fig. 5: Histogramof neuralnetwork outputfor signalandback- call suchanintenal abestbackgroundvindow. If
ground. Higgsdecayis presenthanwe canassumehata

plot of My, over all eventsmappedby the neural
network into the bestsignalwindow will differsfrom basedon eventsmappednto the bestbackground
window. In fact,for our simulateddatatheseplotsdo differ: seeFig. 6 a) and6 b). Of coursetheseplots
shouldbe differentfrom theplot on Fig. 3.

Henceour first experimentscorvinced us that the chosenapproacho separatiorof Higgs decay
seemdo be applicableandpromiseusefuldetectionrmethods.

Finally we point out that developedseparatiormethodbasedon neuralnetworks with switching
units and geneticoptimizationis universal separatiormethodwhich can be usedfor various pattern
recognitionproblem. Perhapsomemay find this methodtoo extensve, especiallythe GA part, but no
effective methodfor neuralnet topology and parametetunningis known to this time. In the future,
we plan to implementfurther transferfunction for functional nodes,paralleling of transferfunction
optimizationvia taking someparallelversionof optimizationroutine (parallelLAPACK, for example)
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100

andapplythis separatiortool to anothempatternrecognitionproblems.
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