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---0.729988¢

0.7028671
0.6829532
0.663018¢
0.634833¢
0.6147454
0.5953112
0.572275¢
0.550571

0.5261084

---0.498922

0.474594

0.4595432
0.4171922
0.3767371
0.3538814
0.319920¢
0.2875817
0.260423

0.2338687

---0.214026€

0.190626¢
0.1722147
0.153369¢
0.1452074
0.1212504
0.109721¢
0.0976
0.0886
0.0824
—0.0686432
0.0674
0.0613
10.0594
0.0526654
0.035
0.0258
0.0227
0.019
0.00991

0

Phi-T

Input node 3 : abs(cosb)
6th most important

added signi. 46.15
signi. loss 46.82

®
NeuroBayes"” Teacher

PrePro:

only this 100.29

corr. to others 19.10%

2500 =
200

1500
1000 FHH 1
500

sjuane

flat

(=)

0.9999921
0.9605521
0.925480%
0.8928782
0.8620234
0.833421¢
0.8062712
0.780375¢
0.755093:2
0.730693¢
0.7074391
0.685106¢
0.663543
0.6423954
0.6215734
0.6008424
0.581450¢
0.5619794
0.5423017
0.5230165
0.503974¢€
0.485757¢
0.4672272
0.448831¢
0.430941¢
0.413287€
0.395408¢
0.377612¢
0.360298¢
0.3429104
0.3256571
0.3090862
0.292288%
0.275427
0.258786€
0.2421527
0.225433¢
0.208962€
0.1930672
0.176683¢
0.1604724
0.144614
0.1286394
0.1124012
0.0962
0.0802
0.064
0.0481
0.0324
0.0162767
1.72e-06

spline fit
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separation
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Input node 8 : cosd_b
8th most important

added signi. 31.19
signi. loss 31.20

NeuroBayes training

Phi-T

®
NeuroBayes"” Teacher

PrePro:
only this 54.89
corr. to others 13.60%
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Input node 9 : dq
9th most important

added signi. 3.04
signi. loss 3.04
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Phi-T

-
NeuroBayes” Teacher

PrePro:
only this 19.57
corr. to others 10.30%
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NeuroBayes training

Phi-T

NeuroBayes" Teacher

1

input layer

hidden layer

output layer
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NeuroBayes input parameters
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LR(KSFW)

37



Probability

NeuroBayes input parameters

0.03;
0.025}

0.02

o
O o
-k
S &

0.005}

of
0 0.10.20.30.40.50.60.70.80.9 1
lcostl

38



Probability

NeuroBayes input parameters
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Probability

NeuroBayes input parameters
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Probability

NeuroBayes input parameters
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Probability

NeuroBayes input parameters
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NeuroBayes input parameters
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Probability

NeuroBayes input parameters
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Probability

NeuroBayes input parameters
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PDF

We perform AE-NB’ 2D fit.

e PR BE SR S B

o s be gy o 0sames  TDiono ou pioterases
PDF for AE PDF for NB’
« Signal: a double Gaussian * Signal: a double Gaussian
fixed from signal MC fixed from signal MC
e Combinatorial BB: free * Comb. BB:
exponential
- . DO _
. DOpO ; _ Double Gaussians
_ « DVK™: Fixed from MC
e DYK': = Fixed from MC
¢ DO
° Oyt -
Dl * Peaking BGs:
« Peaking BGs: fixed from MC -
- [K¥on]p K  qq: a double Gaussian fixed

* qq: free 15t order Chebychev from M, sideband of the data.



Events/(0.01)

47

The yields and shapes are fixed in the fit on signal MC.
DK * DO’

60

o=-0.2312+ 0.025 B'r*= 439+ 21
1200/ 5°k* = 12341+ 11 5o 1= 02200+ 0.0076
H = 0.17432+ 0.00085 6,6, = 0.26+ 0.1
= 10001 ;- 0.01922+ 0.00048 - | o, = 0.070+0.016
2 Hn=62+61 2 0y/0, = 0.5+ 1.6
- 800» g GZV/G" =4+25
0 F ) | Y /Y= 0901+ 0.026
£ eo0- g ‘
g g
b &

“Crystal ball Doublé

200
e

0
-0.1 0 0.1 0.2 0.3
AE (GeV)

0.1 0.2 0.3
AE (GeV)

120

100

80

NBtrans



Events /( 0.01)

Events/(0.01)

Events /(0.01)
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Favored mode Suppressed mode

”
X
180 AE = 0.001194 = 0.000015 30000 90000 — AE u= 0.001190= 0.000021 14000
160 AE G, = 0.008790 = 0.000013 25000 80000F- AE G, = 0.008776 = 0.000018
140 AEo,/o, = 9.079 = 0.056 70000 E AEo,/o, = 9.096 = 0.079 12000
AEY/Y = 0.93770 + 0.00051 3 - 3 AEY/Y = 0.93786 + 0.00072 3
120) NB™A = 1,936+ 0.024 S 20000 2 60000F- NB™A, = 1.903 + 0.038 S 10000
100| NB™RANS u, = 4.201=0.027 g 15000 N 50000;_ NB™RANS u, = 4.139.x 0.039 < 3000
80 NB™" 5, = 21691+ 0.0063 2 £ 40000F NB™" 5, = 21769+ 0.0093 2
NB™"® 5,/c, = 0.7304 = 0.0063 ( § NB™*"* /5, = 0.7393 = 0.0090 o 6000
60 NB™AS Y /Y = 0.663 = 0.010 i 10000 & 30000F- NB™ANS Y /Y = 0.644 = 0.016 w 4000
40 sig = 420961+ 649 5000 20000 sig = 209847 + 458
20 10000F 2000
0 1 1 k 0 1 1
-%.1 0 0.1 0.2 0.3 -10 -5 0 5 10 0.1 0 0.1 0.2 0.3 -10 -5 0 5 10

AE (GeV) NBTRANS S i g n al AE (GeV) NBTRANS

¥#ndf = 6.05 ¥&/ndf = 17.30 ¥#/ndf = 5.61 2/ndf = 47.70

AE_slp =-0.2277 = 0033 350 900 AE_slp =-0.0719 = 0p19
300 NBTRANS u, =-0.7307 4 0.041 300 NBTRANS u, =-0.77874 0.021
oy NB™" o, = 1.74x 012 800 NB™" 5, = 1.591= 0.075
~ 250 -5\ [NB™ /0, = 1511 0.16 = 250F"Cteemeeancl LT - 700 NB™"® o/, = 1.514 = 0.05.
) 200 \'.‘ NB™" Y/Y = 0794 0.18 = i 600) NB™" /Y = 0.694 0.1
g / \"Q|bkg = 324063 = 200 g bkg = 9563 = 104
2 ' " P @ 500
s 150 9 £ 150 g 400
: . >
W 100 ' @ 100 300
4 s 200
50 X
4 ., 50 100
n 1 1 1 0 ’ ) qq n 1 1 1 0 o= d . - .- 1 -t TRgeels ==
-0.1 0 0.1 0.2 0.3 -10 -5 0 5 10 -0.1 0 0.1 0.2 0.3 -10 -5 0 5 10

AE (GeV) NBTRANS Mbc Si deban d AE (GeV) NBTRANS

Z/ndf = 2.02 Z/ndf = 0.97 Z/ndf = 0.86 Z/ndf = 0.59

FNRTAARS - 43
300fNE w=15 180fNB™ 1w = 143013
BTRANS u,= 4.02:0.29 160 ENBTRANS u, = 5.00=0.65
250xB ENB™"* 5, = 2,206 + 0.068
- B™"*0/0,= 0.616 0. P _ 1A0[RB™"® /6, = 0.49 = 0.19
1 200[(NB™" Y /Y = 0/812 = 0.074 S 10 1oQNB™ VY = 0954 «
s b_e =-4.053 = 0.27 e S [bb_e = -3.835 = 0.23
~ g < 100f
@ 150fdrho = 352+ 33 > P Fdrho = 112+ 24
] @ E] F
S ther bb = 1952 t S 80[otherbb = 1604} 45
Z 100 2 H
w ] w
50 Y N .
S -;;7.\-'-7.’;,‘, 4
0 AT Ak Il B B 0 FIE 1a ln
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Systematic uncertainty

Source Rpg+ Sig. +0.05 e
[10-2] -0.17

DO0 +0.04
Det. Eff. - 882 - 0.08
DYK+ +0.01

PDF * ?2; 20.03
o D%+ +0.01
Fit bias + 8-8? P - 0.05
BB +1.76

- R
+2.19

A - 1.40

Peaking +0.07

-0.12

+2.81
- 1.85

Ry = (4.1735 775 ) x 1072

Detection efficiency: MC statistics and PID
calibration.

PDF:

— Uncertainties due to fixed shape
parameters are obtained by varying
them =*1s.

— Uncertainty due to NB’ PDF of BB BG
is estimated by applying signal PDF.
Assign obtained difference to + and -
sides (conservative).

— Uncertainty due to the peaking
background is estimated by applying
0-2 times the expected yields.

— Uncertainties due to the D’K* and D%*
yields are obtained by applying the
error of efficiency and BR.

Fit bias: obtain the pull distribution from
10,000 pseudo-experiments.



Upper limit on R

* We obtain the upper limit by using an asymmetric Gaussian,
where the positive and negative widths correspond to positive and

negative errors including the syst. err.

asymmetric Gaussian

u = 0.041 _ +56 +28 5
upper ¢ = 0.063 I{DK”< o (41 50 -18 ) X 10

lower o = 0.054 <0.16 (95 0% CL)

[=]

N

(2]
T

ijecﬁor&of bifgamss
o
N

(]
g
N

0.16 (95 %
C.L)

S BaBar’09 R < 0.24 (95 % C.L.)

C 1 1 1 1 l 1 1 1 1 1 1 1
0 0.05 0.1 0.15 0.2 0.25 0.3

Integrated
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