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Searching(for(rare(signals
circa%2011

Examples%of%

background%to%

H→ZZ%searches

5%orders%of%

magnitude!



Over(huge(backgrounds



With(experimental(challenges



MultiDvariatemethods:(definitions
MultiVariate Analysis. :.
• Set(of(statistical(analysis(methods(that(simultaneously(analyze(multiple(

measurements( (variables)( on(the(object(studied
• Variables(can(be(dependent( or(correlated( in(various(ways(

Classification. /.regression. :.
• Classification. :(discriminant(analysis(to(separate( classes(of(events,( given(already(

known(results(on(a(training(sample(
• Regression. :(analysis(which(provides(an(output(variable( taking(into(account(the(

correlations(of(the(input(variables(

Statistical. learning. :.
• Supervised. learning. :.the(multivariate(method(is(trained(over(a(sample(where(

the(result(is(known((e.g.(Monte(Carlo(simulation(of(signal(and(background)(
• Unsupervised. learning. :.no(prior(knowledge( is(required.( The(algorithm(will(

cluster(events( in(an(optimal(way(



Multivariate(analyses(in(HEP
• Signal/background. discrimination. :.

– Object.reconstruction. :.discriminate(against(instrumental(background(
(electronic( noise...)(

– Object.identification. :.e.g.(electron,(bottom(quark(identification,( to(improve(
the(rejection(other(objects( resembling( (e.g.( jets)

– Discriminating. physics.process.against.physics.backgrounds. Many(examples,(
e.g.(single( top(against(W+jets,( HD>WW(against(WW(background...(

• Improving. the.energy.measurement,( via(regression.( Allows(to(narrow(the(
reconstructed(mass(peak,(improve( the(resolution.(

• Estimate. the.sensitivity. of.the.analysis. :.
– Sensitivity. to.signal.exclusion.or.discoveries. :.Likelihood(of(the(data(to(be(

consistent(with(background(only(or(signal+background hypothesis(
– Combination. of(many(channels(
=>(exclusion(limits(or(discoveries(



MVA(example(from(Tevatron



• Over(the(past(ten(years,(Multivariate(analysis((MVA)(methods(
gained(gradual(acceptance(in(HEP.

• In(fact,(they(are(now(“state(of(the(art”
• Some(of(the(most(important(physics(results(in(HEP(have(come(

from(the(use(MVA(methods.

No(turning(back!
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• MVA(used(in(every(possible(analysis(
aspect
– Electrons/photons(ID
– MVA(for(EM(cluster(energy(
corrections(

– Vertex(identification((diphotons)
– bDtagging
– S/B(discrimination(in(all(channels
• γγ,(ZZ!4l,((WW,(bb,(ττ)(

MVA(use(in(Higgs(Discovery
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Event(Analysis(Techniques
• Examples:

• Characteristics.:.
– Level(of(complexity(and(transparency
– Performance(in(term(of(background(rejection
– Way(of(dealing(with(nonDlinear(correlations
– Robustness(while(increasing(the(number(of(input(variables(
…



“Rectangular”(cuts

• Simplest(multivariate(method,(very(intuitive
– All(HEP(analyses(are(using(rectangular(

cuts,(not(always(completely(optimized(

• Rectangular. cuts.optimization. :.
– e.g.((Grid(search,(

• Characteristics. :.
– Difficult(to(discriminate(signal(from(

background(if(nonDlinear(correlations(
– Optimization(difficult(to(handle(with(high(

number(of(variables(





Decision(Trees

• Machine-learning technique, widely used in the social 
sciences

• Idea: recover events that fail criteria in cut-based analysis





Repeat recursively on each node
Stop (terminate at leaf) when improvement stops or when too few events left



Decision(tree(output(for(each(
event(=(leaf(purity
Closer( to(1(for(signal(and(
closer( to(0(for(background









Random(Forest





Random(Forest



Boosted Decision Trees



Neural Networks

• The activity of the input units represents the raw info that is fed into the network.
• The activity of each hidden unit is determined by the activities of the input units and 
the weights on the connections between the input and the hidden units.
• The behavior of the output units depends on the activity of the hidden units and the 
weights between the hidden and output units.





• The(�no(free(lunch� theorem(tells(you(that(there(is(no(one(
method(that(is(superior(to(all(others(for(all(problems.

• In(general,(one(can(expect(neural(networks((NN),(Boosted(
decision(trees((BDT)(and(random(forests((RF)(to(provide(
excellent(performance(over(a(wide(range(of(problems.

What(method(is(best?
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• A(lot(of(excitement(about(“Deep(Learning”(Neural(
Networks((DNN)(in(the(Machine(Learning(
community
– Spreading(to(other(areas!
– Some(studies(already(in(HEP!((

• Multiple(nonDlinear(hidden(layers(to(learn(very(
complicated(inputDoutput(relationships

• Huge(benefits(in(applications(in(computer(vision(
(image(processing/ID),(speech(recognition(and(
language(processing

The(Buzz(about(Deep(Learning
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Deep(Learning
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Multiple%hidden%layer%NN

Use%raw%data%inputs%instead%of%derived%

“intelligent”%variables%(or%use%both)

Final%learning%better%than%shallow%

networks,%particularly%when%inputs%are%

unprocessed%raw%variables!

However,(need(a(lot(of(processing(
power((implement(in(GPUs)(time….



• Baldi,(Padowski,(Whiteson arXiv:1402.4735v2
• Studied(two(benchmark(processes
– Charged(Higgs(vs ttbar events
– SUSY:(Chargino pairs(vsWW(events(into(dilepton+MET final(state(

Significant(improvement(in(Higgs(case,(not(so(dramatic(in(case(of(SUSY(

Deep(Neural(Networks(for(HEP

Exotic%Higgs%

SUSY%Study
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• The(most(common(approach(is(to(find(clusters(or(
hidden(patterns(or(groupings(in(data

• We(have(not(tapped(these(methods(for(
identifying(unknown(components(in(data,(
unsupervised(classification,(for(exploratory(data(
analysis

• Could(be(useful(in(applications(for(topological(
pattern(recognition(
– Use(in(JetDsubstructure,(boosted(jet(ID

Unsupervised(Learning
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http://chemQeng.utoronto.ca/~datamining/Presentations/SOM.pdf

Cogan,'Kagan,'
Strauss'&'
SchwarRman
(arXiv:1407.5675)'



• Multivariate(methods(brought(a(paradigm(shift(in(HEP(analysis(
~10(years(ago.((Now(they(are(state(of(the(art.

• Applications(of(new(ideas/algorithms(such(as(deep(learning(
should(be(explored,(but(the(resources(involved(may(not(justify(
the(use(in(every(case.((

• Well(established(techniques(of(the(past(– neural(networks,(
Boosted(Decision(Trees(will((continue(to(be(the(ubiquitous(general(
purpose(MVA(methods.

Summary
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