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Motivation

¢ investigate Wtb coupling s channel (tb)
— direct measurement of |V,
— checks unitarity of CKM matrix
— anomalous Wtb couplings

¢ study top quark properties

— polarization, lifetime, decay width,
mass

¢ window to new physics

- s channel: charged Higgs, heavy W’ | f channel (tab)

— t channel: flavor changing neutral
currents

— 4t quark generation?

w
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I b

sNLO=1.98 + 0.25 pb
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Analysis Chain

e Event Selection
e Sample divided based on lepton, b-tagged, number of jets

e Data/Monte Carlo (MC) Comparisons
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Event Selection

¢ 1 lepton
— Electron: pT > 15GeV, |eta] < 1.1 . ya
- Muon: pT > 18GeV, |eta] < 2.0 - t[\
¢ Missing Transverse Energy |-&.
- F > 15 GeV

¢ At least one b-tagged jet ang;l at gast

one more jet

- 2-4 jets with p; > 15 GeV, |n| < 3.4
- Leading jet pr > 25 GeV, |n| < 2.5
— Second leading jet pr > 20 GeV

¢ Efficiency of b-tagging greatly improvec
by using a neural network tagger
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Why divide?

Percentage of single top tb+tqgb selected events
and S:B ratio

Electron . . . . .
1 jet 2 jets 3 jets 4 jets 25 jets
+ Muon J J J J J
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0 tags
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Data vs. Monte Carlo

Normalize MC samples to match

data yields before b-tagging _
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Make sure that variables used
by our analysis methods are e

well modeled
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BNN Overview

¢ BNN:
n(x)= [ n(x,w)p(w|T) dw

where n(x,w) is a specific neural
network defined by parameters w

p(w|T) is a posterior probability
density over {w}

¢ A NN is a single point w,in {w}
¢ Provides a more stable discriminant
less prone to overtraining

BUT

how is one supposed to compute
that integral?
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Statistical Physics?!

Markov Chain Monte Carlo

¢ Want to step through the {w} such that points
are visited with a probability given by p(w|t,x)

¢ Recast the problem as a particle moving through
a potential V(q) where p(w|T)=exp[-V(q)]

— Add a kinetic energy component to V(q) so by
Hamiltonian dynamics, will visit every place in w based
on density exp[-(V(q)+K.E)]

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

— Keep only g values (which correspond to NN)

n(x)= [ n(x,w)p(w|T) dw = | “net

net  i=i1
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BNN Output — 1 b-tag 2 jets
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BNN Output — 1 b-tag 2 jets
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Expected Results

Expected Cross Section:
Expected p-value:

— Based on generated D@ pseudo experiments, how many
Cross sections are above SM value

¢ Expected Significance:

* o

- Assuming a gaussian distribution, convert expected p-value
to significance

—
cl-hh

0 o~ B
:' 'g_o.z
y 3 —
<10 20.16
2 @
] c
® 102 S 0.12
8 o
3 < £0.08
¢ 10 £ 3
= & 8004 /
a ge . L
0 1 s B bbb Sl ]
o
012345678 910 0 2 4 6 8 10 12 1

April 1 th+tgb Cross Section [pb] Pangilinan th+tqb Cross Section [pb] 2



Expected Results

o Expected Cross Section: 3.2 ":fgpb

¢ Expected p-value: 9. 70/0

- Based on generated D@ pseudo experiments, how many
cross sections are above SM value

¢ Expected Significance: 1.3 0]

- Assuming a gaussian distribution, convert expected p-value
to significance
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Measured Results

¢ Measured Cross Section:

2 10° ¢ Measured p-value:
o
B - Based on generated D@ pseudo
= experiments, how many cross
R sections are above our measured
L value
2 10 ¢ Measured Significance:
5 ¢ Compatibility with SM:
g ! - Using SM ensembles, how many times
012345678910 do we measure a cross section above
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MeasuorﬁegsureRdggsléle‘c:%n: 5.0£1.9 pb

.89%

— Based on generated DO pseudo
experiments, how many cross
sections are above our measured

value
¢ Measured Significance: 2.4 0]

o Compatibility with SM: 18%

- Using SM ensembles, how many
times do we measure a cross section
above our measured cross section?
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Conclusion/Outlook

¢ BNN measures
- Cross section: 5.0 =+ 1.9pb
— a significance of 2.40
— Compatibility with SM: 18%

¢ Planning to incorporate
twice as much data

¢ Single top will be
“observed” soon!
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Data vs Monte Carlo (ll)

¢ Singletop:

— Used CompHep
& W+jets

— Algen generated

— Wbb and Wcc scale
factor obtained using
data

¢ ttbar

— Alpgen generated
— Normalized to NNLO

cross section of 6.8pb

¢ Fake jets
— Generated from data
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Lepton + Jets Data

Apply Preselection Cuts

Apply b-tagging algorithm

Observed Sample
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Monte Carlo
{(WHjets,t)

Lepton + Jets Data

Reversa likelihood (electron}

Reverse isolation (muon) Apply Preselection Cuts

Apply Preselection Cuts l
Apply dataMC scale
factors, trigger thresholds

Scale to the cross
section and
mtegrated
Iuminosity

Scale the vield to the
number of real lepton
events expected after
preselection (accounting
for )

Scale to the number of
misID d chubb events
expected after preselection

Apply probability
to tag each jet

Apply b-tagging algorithm  Apply probability
l to tag each jet

it -+ I+jets, 1l
Samples

MisID d
Lepton Sample

Wij Sample
Whb Sample
Wee Sample
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B-tagging

¢ uses vertexing information as
variables in the NN

¢ can use different operating points

¢ For our operating point,
- b jet efficiency ~50%
— C jet efficiency ~10%
— Light jet efficiency ~ .5%
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Variables for Training

Bayesian NN Analysis Variables

Object Kinematics

prijetl)
pribestl)
pr(tagl)
Event Kinematics

Aplanarty(alljets, W)
M (W bestl) (“best” top mass)
MW tagl) (“btagged” top mass)
M7 (W)
Hy(alljets)
Hy(alljets, W)
pr (alljets—bestl)
Hy(jetl,jet2)
Hr(jetl, jet2 W)
M alljets—bestl)
M (alljets—tagl)
prialljets—hest1)
My (jetl, jet)
My (W)
Angular Variables

cos( best], notbest] ) peateop

cos( tagl, lepton lbtaggedtop

cos| lepton, besttopframe p .ot o pCMirame
cos(lepton btaggedtopframe ) biageedtcpCMErames
cos( lepton, G lepton ) 2 = lhesttap

cos| notbest, alljets ).

Cilepton) =n(untagged jet)
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Expected Cross Section

Expected Single Top Cross Sections [ph]
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Measured Cross Section

Measured Single Top Cross Sections [ph

1 2tags + 2,3 djets| e + 2,3.4jets e + 1.2tags All
e-chan  p-chan | 1tag 2tags | 2jets 3jets 4 jets [channels
Statistics only
th 21117 14313 LoD 28107 (22157 0.71RD 00155 1,911
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BNN Training

¢ 24 variables used

¢ trained with s+t channel as our
signal and W+jets, ttbar combined
as our background

¢ 40 hidden nodes

¢ 800 iterations of training (100 steps
in equipotential x 20 reject/accept
energy change = 1 iteration)

¢ last 100 NN were averaged
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Relative Uncertainties

Clontributions to the Cross Section Uncertainty

Swvstematics component

Luminosity 0.71 pb
it cross section .54 phb
Matrix method 1.45 pb
Trigger 0409 ph
FPrimaryv vertex 0.31 pb
Lepton 11 .51 pb
Jet 11D 0.17 pb
Jet fragmentation 065 phb
Jet energy scale 0.20 pb
Tag-rate functions 0.44 pb
Combined svstematics 1.65 pb
Statistics 1.47 pb
Measured total uncertaanty 1.9 pb
TABLE T: Contribution of each syvstematic

uncertamty to  the total systematic uwncertainty
on the tb+tgh cross section.
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