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LHC,ATLAS experiment
LHC

ATLAS detector

LAr hadronic end-cap and
forward calorimeters

Muon chambers Solenoid magnet | Transition radiation tracker

Semiconductor fracker

Center of mass energy : 7/ TeV
Integrated Luminosity (up to September) : 3.4 pb!
ATLAS:

General purpose detector

One of the aim: Search for SUSY particles
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SUSY

= Good reasons to believe SUSY particle
- Can solve Hierarchy problem
- have cold dark matter candidate

= |ightest SUSY can be ~ O(TeV)
Can be searched at LHC



SUSY

4 Production gg £4d,dq9
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SUSY

4 Production : 28, gq, tTCT

* Decay (example) :

Lightest

Supersymmetric
Ny / N1 / Particle (LSP)




SUSY

4 Production :gg, gq, tTCT

* Decay (example) :

q q f f
g AL /Nz /f /Nl

4 SUSY signature :

- MU'tiple jets +—Cascade decay
- Missing ET < Lightest Supersymmetric Particle (LSP)

- b-jets Mg, Mp << other squark masses



SUSY search with MissingEt + b-jet(s)
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* ttbar, QCD are main backgrounds
* B-tagging is very important



SUSY search with MissingEt + b-jet(s)
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In this talk:

|. Basic distributions for the analysis
|. Study of b-tagging algorithm
2. QCD background estimation




|. Basic distributions for the analysis




Basic Distributions
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v Kinematics distributions show good agreement
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Hevents

Basic Distributions

Normalized by #events

Jet MultlpI|C|ty
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Hlets
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v Deviation of MissingET is under investigation
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In this talk:

|. Study of b-tagging algorithm




Distributions related to b-tagging

Secondary Vertex(SV) Tagger

discriminant: L/0(L)
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Tagging rate (L/o(L)>6):
data:3.13+-0.03 %
MC :3.25+-0.04 %

v Tagging rate shows good agreement.
- Fv, Fe, Fi (Flavor composition)
- &b, &, & (Efficiencies)

to be checked...




Distributions related to b-tagging

Secondary Vertex(SV) Tagger

discriminant: L/0(L)
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v Tagging rate shows good agreement.
- Fv, Fe, Fi (Flavor composition)
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Estimate Jet Flavor composition
Using Secondary Vertex mass template fit

Basic idea

- Reconstruct a SV with charged particles.

- B-hadron has ~5GeV

Template shape

b
3

efore tag

SV mass [GeV]

after tag
[ Saaaaee

SV mass [GeV]
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Estimate Jet Flavor composition

Test using MC

work-in-progress |

blue : I-jet
red : b-jet

black : total -

bgllf'OI'|"."e|"'t"al""''I""I'"'I""I""I""I"" after tag
10° = 10% —
105 %g work-in-progress i
i - 10°F
4 = blue : I-jet g
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1 03 = black : total 1 02 3
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SV mass [GeV]
fit results Y fit results '
Estimated: Estimated:
#l-jet : 1944452 #l-jet : 9093
#b-jet : 62774 #b-jet : 30827

v Template fit method works very well for MC !!

16



Estimate Jet Flavor composition

ToyMC : estimate statistical uncertainty

before tag - after tag

A AA
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- 1 - 1
- | jet T ndl 231901370 - | jet 221 ndf 39.11/32
i b-] et Constant 8502+ 32.5 C b-jet Constant 67.23 + 2.69
Mean  -9.213e-05 = 4.898e-05 - Mean  0.0004714 = 0.0005620
B Sigma 0.001396 = 0.000031 Sigma 0.01716 = 0.00042

1

2 2 I ndf 6.385/ 16 B 22/ ndf 14.48/ 1|1
1 O E Constant 154.4 + 6.1 1 O = Constant 187+ 7.2
B Mean  -0.0009885 + 0.0002453 C Mean  -0.0005256 + 0.0002023
Sigma 0.007707 = 0.000178 Sigma 0.006314 = 0.000138

|
%2 I ndf 18.15 /26 x2 / ndf 43.24 /42
Constant 63.42 + 2.52 Constant 50.94 = 2.02
Mean 0.001387 + 0.000605 1 — Mean 0.0003956 + 0.0007471
Sigma 0.01862 = 0.00045 - Sigma 0.02255 = 0.00053

111111111111111

1111111111111111

01-005 0 005 01 015 02 01005 0 005 01 015 02
(Meas-True)/True (Meas-True)/True
No Bias!! No Bias!!
Stat. uncertainty Stat. uncertainty
I-jet : 0.1 % I-jet : 1.0 %
v Template fit method works very well for MC !!
(Small statistical uncertainty)
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Estimate Jet Flavor composition

Apply to data

before tag after tag
OB T 10 S
105—‘ @iﬁ‘ workiin-progress ] 3 J_‘J %% work-in-progress |
3= : 10°g] blue : ljet -
AL blue :l-jet - - ue - Het
10 ] - red : b-jet
af red : b-jet 102 = |
10 E F black : total -
102; black : total ] i i
Nen LT 100 bl
012345 7 8 91 0 23456 7 8910
S§/ mass [% \9] / SV mass [GeV]
Flavor composition (%
/ /I-jet b-jet | c-jet | uncertainty.
= % e | 877 | 33 | o0 | + <02
9 3
v MC-éxpectation| 90.9 3.0 6.1
g 90 measured 173 | 572 | 255 | +-<0.5%
= v MC expectation 15.8 60.9 23.3

v Small difference. After tag would be more robust.
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In this talk:

2. QCD background estimation



QCD background

- Have to be estimated with data
- Effective Mass (Meff) will be used as a discriminant

5 ‘]\4&f _ ij;zt,z' 4+ Zp;?pton,i +ET

i<4 i

|, Make Control Region (CR)
using a variable with correlation(Variable, Meff) ~ 0O
2, Estimate QCD background in Signal Region

Scheme:
correlation(A®min, Meff) ~ 0
— Make Control Region using A®nin(jets,missEr)

ADpin(jets, missEr)
=min( A®P(jet|,missEr), AP(jet2,missEr), AP(jet3,missEr) )
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QCD background

Check quality of the Control Region
|, Control region should be dominated by QCD
2, Correlation(A®min, Meff) should be small

ADin(jets, missEt) _ 10(I)‘(’)Ieff Vs ACDm.n(jets, mlssEt)

— [ aco 1 9oofm

=) o g edrre1at|en- fac-tor
%E work-in-progress -W 7] 800 Bt -t - _‘
s B ttoar - ek
— susY 1 700RE

600 .
500 EERIE
400§
300§
200
10 3 100

15 2 2.5 3 O 05 1 " 7s 2 2.5 3

A®pin(jets, missEt) ADin(jets, missEt)

Control Region
- Other BG in Control Region <2.1%
- Correlation factor ~ 0.205

Xbefore b-tagging
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QCD background estimation

Effective Mass comparison between MC and data
(normalized by #events)

T TTI
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Meff [GeV]

Good agreement !!
More statistics needed.
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summary

vV ATLAS experiment already has 3.4 pb-!
¥ Kinematic distributions agree well between MC and data
- MissingET distribution need to be studied further
v b-tagging algorithm seems working well
- Studied the method of estimating jet flavor composition
v QCD background estimation is under development
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background
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SUSY search with MissingEt + b-jet(s)
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1(: 3, MissingET > 0.2*Meff
10" 4, DelPhiMin(jets,MissingET)>0.2
10‘2 5, #tagged jets >= 2
107
0 1 2 3 4 5 6
& T A SR
L g ) & < .9
QO & HE T
° S 5 o

¢ T ¢
* ttbar, QCD are main backgrounds
* B-tagging is very important
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QCD background estimation

CutFlow

EventSelection
0, Initial

|, Jet pt
(Ist>70,2nd>30,3rd>30GeV)

2, MissingEr>30GeV

3, MissingEr > 0.2*Meff

4, DelPhiMin(jets,MissingET)>0.2
5, #ftagged jets >= 2
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Comparison of tagging rate

tag rate (data) __ After tag(data)/Before tag(data)
tag rate (MC) ~ After tag(MC)/Before tag(MC)

Tagging rate ratio (Pt dependence) Tagging rate ratio (MissEr dependence)
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b-tagging performance

b-jet tagging efficiency

(a) b-tagging efficiency as a function of jet pr.

light-jet tagging efficiency
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(c) Light-jet efficiency as a function of pr
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(b) b-tagging efficiency as a function of jet |7/
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(d) Light-jet efficiency as a function of |7|
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