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Why look at BT — wlty,?
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Typical Values

B(B — utv) ~10~*

Signal efficiency e ~ 1072

Need about 100 mio. B-Mesons for 100 signal events




Where do we get B-Mesons? — The B-Factories
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m A lot of gg background below the resonance.

m BABARR: [ .Zdt =500 fb~! corresponds to 525 mio.
B-Meson-pairs



The Formfactor in B-Meson Decays
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The Formfactor in B-Meson Decays
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Some Theory

Branching fraction oc | V|2
u and b quarks not free— B o< |V|? - |fT(q?)|?

f(g?) form factor, g> transferred 4-momentum

Different theoretical calculations, here: P. Ball, R. Zwicky 05



The Formfactor for Bt — wl 'y,
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Experimental Approach

m Inclusive measurement b — ufv

m Exclusive measurement B — 7 /p/n/w v

Tagged: Untagged:
fully hadron r:lcoo’td & hadron
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Pro: Cleaner sample Pro: More statistics

Con: Less statistics Con: More background
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The Decay BT — wlty,

BT — wlty,
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The Detector

BABAR Detector

‘ Muon/Hadron Detector
Magnet Coil
. Electron/Photon Detector '\\ -
3 )
. Cherenkov Detector i .
A e
. Tracking Chamber y

. Support Tube

‘ Vertex Detector
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The c/v-Background

Signal b — clv-Background
B — wlv o |Vyp|? e.g. B — D*fv o |Vep|?
I -
W vy W 7
-¢ -¢ -¢ -¢
b Vub ’ b Veb ‘

Vep = 10 - Vp, factor 0.5 from phase space (mp+ ~ 2 GeV)
B(B — ctv) ~50- B(B — wlv)

decay rate

Hard to distinguish — kinematics pj




The Continuum-Background

Continuum background = events not from 7°(45)
i.e. efe” — ub, dd, s5, cc

Signal Continuum

Spherical Jet-like



Steps in the Analysis

Preselection; Reduce the data 1 Thytes — 25 Gbytes
Selection via Neural Networks (NN)
Fit of MC sources to data using a maximum likelihood fit

@A Study of systematic errors



Preselection: Example invariant 777 7

0

Mass

732MeV < Myt -0 < 832MeV (remember mPPC06 — 783 MeV)
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Neural Nets
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Neural Nets

m Map different input variables to a single output variable, the discriminant
m Mapping is constructed via the so called training-process

m Can use correlations between input variables — better background suppression



Neural Nets

Neural Nets

m Map different input variables to a single output variable, the discriminant

m Mapping is constructed via the so called training-process

m Can use correlations between input variables — better background suppression

m Train 2 Neural Nets on MC simulated events

continuum background (u@, dd, s3, c€)
clv background
m 12 inputs, 2 hidden layer, 1 output



Neural Net Discriminants
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Good background suppression!

But what value (signal efficiency €%'8) to require?
I8 s, ebke:



Optimization

Optimize statistical error of the analysis — Maximize S/v/S + B

10 Result:

Maximal S/v/S + B at

6gkc%r;tinuum =0.80
6Qoriinuum =0.14
Egﬁz =0.75

€., = 0.19

signal efficiency continuum-net

70 80 90 100
signal efficiency clnu-net



Neural Net Effect on Inv. B-mass
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Inv. B-mass after selection with cfv-NN
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To extract the B (BT — wltuy) fit MC sources to data.
Get scaling factor f:cifling from the fit

sig _ rsSig  rsig
Bmeasured - BMC f;caling

B-mass
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Fit Plane: B-mass/w-mass

Signal wlv-MC
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Fit Binning
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Fit Method

m Maximum Likelihood fit (R. Barlow, C. Beeston)
m Float signal and cfv background

m Fix continuum and other backgrounds

m/m - plane unrolled |

250
r + data
n fit result li f .
200~ signal scaling actors:
i cinu fep, = 0.90
continuum
f;ignal =0.92

| (Bmc known)
B(BT — wlty)
= (1.20 £ 0.144c ) - 10~

bin number



Fit Validation

Is the fit stable?

m Repeat fit procedure with Toy-MC and look at pull distribution

(B+ bt ve )measured 7B(B+ wlt ye)MC

B
pu” = AB(B+HWZ+Ve)measured

Normal distribution expected: mean 0.0, width 1.0

Pull Entries 10000

Mean 0.006678

RMS 1001

Underflow 0
¥ I nat 1751/ 164
Constant 1585£20

Mean 0004355  0.010064

sigma 099032 0.0073

Mean: 0.004 + 0.010
Sigma: 0.99 + 0.01
— No bias

10




Systematics

Sources of systematic errors

Reconstruction efficiencies

Physics modeling

Miscellaneous



Systematic Errors

Source of error Relative. error on
B in%

Detector properties and reconstruction
Track reconstruction 25
Photon 2.5
70 reconstruction 3.8
Lepton identification 2.1
K, 4.4

Physics modeling
Continuum normalization 0.1
ulv branching fraction 1.8
clv-MC modeling 8.2
wlv formfactor 2.4
Other

Training of the NN 5.4
No. of B-mesons 1.3
Multiple candidates 1.2
B (w — 7r+7r*7r0) 0.7

[ Total [ 12.6 ]




Systematic Error: c/v-MC modeling

The cfv-MC does not describe our datal
Reason unknown, normalization of the c/v-MC =~ 14% off
clv-MC floats in fit — Is c/v-MC shape correct?

clv-scaling factors:
0.86 after preselection
0.88 after continuum-net
0.90 after after both nets

— Use scaling factor of 0.86 and fix it in the fit.
— Deviation of 8.2%.



Systematic Error: Formfactor Model

Vary the parameters of the 4000
Formfactor model -

Repeat the fit 2500
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2000
Use width of B-distribution as 1500
syst. error 1000, -
500
— rel. syst. error of 2.4% % 4 5 5 B

16— Entries 100
14 Mean 0.0001195
12 %2/ ndt 3.678/10
10 Constant 13.77+1.88
8—
E Mean  0.0001196 + 0.0000003
6
E Sigma  2.854e-06 + 3.015e-07
a
2
E, L ! LIx10
0.1 0.11 0.12 0.13 0.14 0.1

Branching fraction BY — wet v,



Systematic Error: Neural Net Training

m Random element in NN Training: Random weights at start
m Train 100 pairs of NN
m Repeat fit, use width of B-distribution as syst. error

— rel. syst. error of 5.4%

25—
C Entries 100
20 :_ Mean 0.0001227
|- RMS 6.181e-06
15:_ x2 I ndf 2.801/5
: Constant 24.28+3.03
10 —_ Mean  0.0001225 + 0.0000007
E Sigma  6.484e-06 + 5.270e-07
sf-
o_l I IR R B L 102
0.09 0.1 0.11 0.12 0.13 0.14 0.15 0.16

Branching fraction B* — wlTy,



Results

Found 855 =+ 10 signal at 6617 4 58 background-events
Measured branching fraction:

B (BT — wfty,) = (1.20 4 0.144,, £ 0.15,)-107*
(1.20 £ 0.21,,) - 10~*



Results

Found 855 =+ 10 signal at 6617 4 58 background-events
Measured branching fraction:

B (BT — wfty,) = (1.20 4 0.144,, £ 0.15,)-107*
(1.20 £ 0.21,,) - 10~*

Well in agreement with PDGO06:
B(BT —wlty) = (13£0.6:) 107"
And preliminary Belle (HFAG):

B(BY = wlty) = (117 £0.39¢ £ 0.114 ) - 107*
= (1.1740.414 ) -107*



Outlook

Currently the study is repeated
Some improvements:

m Less neurons to reduce error due to training
m Different NN optimization: S/B — harder cut against
clv-background

Prepare analysis note for publication



