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MotivationMotivation
investigate investigate WtbWtb couplingcoupling
–– direct measurement of |direct measurement of |VVtbtb||

–– checks checks unitarityunitarity of CKM matrixof CKM matrix
–– anomalous anomalous WtbWtb couplingscouplings

study top quark propertiesstudy top quark properties
–– polarization, lifetime, decay width, polarization, lifetime, decay width, 

massmass
window to new physicswindow to new physics
–– s channel: charged Higgs, heavy W’ s channel: charged Higgs, heavy W’ 
–– t channel: flavor changing neutral t channel: flavor changing neutral 

currentscurrents
–– 44thth quark generation?quark generation?

s channel (tb)

t channel (tqb)

σNLO=1.98 ± 0.25 pb

σNLO=0.88 ± 0.11 pb
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Analysis ChainAnalysis Chain

• Event Selection

• Sample divided based on lepton, b-tagged, number of jets

• Data/Monte Carlo (MC) Comparisons

Multivariate Analysis

Cross Section by binned Likelihood
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Event SelectionEvent Selection
1 lepton1 lepton
–– Electron: Electron: pTpT > 15GeV, |> 15GeV, |etaeta| < 1.1| < 1.1
–– MuonMuon: : pTpT > 18GeV, |> 18GeV, |etaeta| < 2.0| < 2.0

Missing Transverse EnergyMissing Transverse Energy
–– EETT > 15 GeV> 15 GeV

At least At least one b-tagged jet and at least 
one more jet

–– 22––4 jets with 4 jets with ppTT > 15 GeV,   |> 15 GeV,   |ηη| < 3.4| < 3.4
–– Leading jet Leading jet ppTT > 25 GeV, |> 25 GeV, |ηη| < 2.5| < 2.5
–– Second leading jet Second leading jet ppTT > 20 GeV> 20 GeV

Efficiency of bEfficiency of b--tagging greatly improved tagging greatly improved 
by using a neural network by using a neural network taggertagger
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Why divide?Why divide?
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Data vs. Monte CarloData vs. Monte Carlo
W Transverse Mass

2 jets

Electrons Muons

3 jets

4 jets

Normalize MC samples to match 
data yields before b-tagging

Make sure that variables used 
by our analysis methods are 
well modeled
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BNN OverviewBNN Overview
BNN: BNN: 

n(xn(x)= )= i i n(x,w)p(w|Tn(x,w)p(w|T) ) dwdw

where where n(x,wn(x,w) is a specific neural   ) is a specific neural   
network defined by parameters wnetwork defined by parameters w
p(w|Tp(w|T) is a posterior probability ) is a posterior probability 
density over {w}density over {w}

A NN is a single point wA NN is a single point w0 0 in {w}  in {w}  
Provides a more stable Provides a more stable discriminantdiscriminant
less prone to overtrainingless prone to overtraining

BUTBUT
how is one supposed to compute how is one supposed to compute 
that integral?

Network output

Network output

tqb

Wbb

that integral?
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Statistical Physics?!Statistical Physics?!
Markov Chain Monte CarloMarkov Chain Monte Carlo

Want to step through the {w} such that points Want to step through the {w} such that points 
are visited with a probability given by are visited with a probability given by p(w|t,xp(w|t,x) ) 
Recast the problem as a particle moving through Recast the problem as a particle moving through 
a potential a potential V(qV(q) where ) where p(w|Tp(w|T)=exp[)=exp[--V(qV(q)] )] 
–– Add a kinetic energy component to Add a kinetic energy component to V(qV(q) so by ) so by 

Hamiltonian dynamics, will visit every place in w based Hamiltonian dynamics, will visit every place in w based 
on density exp[on density exp[--((V(q)+K.EV(q)+K.E)])]

–– Inject or remove energy with a certain probability Inject or remove energy with a certain probability --> > 
move to different constant energy statesmove to different constant energy states

–– Keep only q values (which correspond to NN)Keep only q values (which correspond to NN)

n(xn(x)= )= i i n(x,w)p(w|Tn(x,w)p(w|T) ) dwdw ≈ ≈ 
n(x,wn(x,wii))
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BNN Output BNN Output –– 1 b1 b--tag 2 jetstag 2 jets

Muons

Electrons
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BNN Output BNN Output –– 1 b1 b--tag 2 jetstag 2 jets

Electron and Muon channel



April 17, 2007April 17, 2007 Monica PangilinanMonica Pangilinan 1212

Expected ResultsExpected Results
Expected Cross Section: Expected Cross Section: 
Expected pExpected p--value:  value:  
–– Based on generated DØ pseudo experiments, how many Based on generated DØ pseudo experiments, how many 

cross sections are above SM valuecross sections are above SM value
Expected Significance:Expected Significance:

-- Assuming a Assuming a gaussiangaussian distribution, convert expected pdistribution, convert expected p--value value 
to significanceto significance
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Expected ResultsExpected Results
Expected Cross Section:Expected Cross Section: 3.2 3.2 +2.0+2.0pbpb
Expected pExpected p--value:  value:  9.7%9.7%
–– Based on generated DØ pseudo experiments, how many Based on generated DØ pseudo experiments, how many 

cross sections are above SM valuecross sections are above SM value

Expected Significance:Expected Significance: 1.3 1.3 σσ
-- Assuming a Assuming a gaussiangaussian distribution, convert expected pdistribution, convert expected p--value value 
to significanceto significance

SM – 2.9

--1.91.9
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Measured ResultsMeasured Results
Measured Cross Section:Measured Cross Section:
Measured pMeasured p--value:  value:  
–– Based on generated DØ pseudo Based on generated DØ pseudo 

experiments, how many cross experiments, how many cross 
sections are above our measured sections are above our measured 
valuevalue

Measured Significance:Measured Significance:
Compatibility with SM:Compatibility with SM:
–– Using SM ensembles, how many times Using SM ensembles, how many times 

do we measure  a cross section above do we measure  a cross section above 
our measured cross section? our measured cross section? 



April 17, 2007April 17, 2007 Monica PangilinanMonica Pangilinan 1515

Measured ResultsMeasured Results
Measured Cross Section:Measured Cross Section:5.05.0±±1.9 1.9 pbpb
Measured pMeasured p--value:  value:  .89%.89%
–– Based on generated D0 pseudo Based on generated D0 pseudo 

experiments, how many cross experiments, how many cross 
sections are above our measured sections are above our measured 
valuevalue

Measured Significance:Measured Significance: 2.4 2.4 σσ
Compatibility with SM:Compatibility with SM: 18%18%
–– Using SM ensembles, how many Using SM ensembles, how many 

times do we measure  a cross section times do we measure  a cross section 
above our measured cross section?above our measured cross section?

5.0 pb

5.0 pb
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Conclusion/OutlookConclusion/Outlook
BNN measures BNN measures 
–– Cross section: Cross section: 5.0 ±± 1.91.9pbpb
–– a significance of a significance of 2.4σ
–– Compatibility with SM: Compatibility with SM: 18% 
Planning to incorporate Planning to incorporate 
twice as much datatwice as much data
Single top will be Single top will be 
“observed” soon!“observed” soon!

SINGLETOP

THE HIGGS

http://www.deviantart.com/deviation/31400428/
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Data Data vsvs Monte Carlo (II)Monte Carlo (II)
SingletopSingletop::
–– Used Used CompHepCompHep

W+jetsW+jets
–– AlgenAlgen generatedgenerated
–– WbbWbb and and WccWcc scale scale 

factor obtained using factor obtained using 
datadata

ttbarttbar
–– AlpgenAlpgen generatedgenerated
–– Normalized to NNLO Normalized to NNLO 

cross section of 6.8pbcross section of 6.8pb

Fake jetsFake jets
–– Generated from dataGenerated from data
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BB--taggingtagging

uses uses vertexingvertexing information as information as 
variables in the NNvariables in the NN
can use different operating pointscan use different operating points
For our operating point, For our operating point, 
–– b jet efficiency ~50%b jet efficiency ~50%
–– c jet efficiency ~10%c jet efficiency ~10%
–– Light jet efficiency ~ .5%Light jet efficiency ~ .5%
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Variables for TrainingVariables for Training
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Expected Cross SectionExpected Cross Section
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Measured Cross SectionMeasured Cross Section
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BNN TrainingBNN Training

24 variables used24 variables used
trained with trained with s+ts+t channel as our channel as our 
signal and signal and W+jetsW+jets, , ttbarttbar combined combined 
as our backgroundas our background
40 hidden nodes 40 hidden nodes 
800 iterations of training (100 steps 800 iterations of training (100 steps 
in in equipotentialequipotential x 20 reject/accept x 20 reject/accept 
energy change = 1 iteration)energy change = 1 iteration)
last 100 NN were averagedlast 100 NN were averaged
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Relative UncertaintiesRelative Uncertainties
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Cross ChecksCross Checks
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