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Why our yields are lower when
compared with other analyses
on the same samples?

e Short answer: fixed
e Long answer: most this talk
Two cuts mostly responsible:

e C2%4¢ Was rather tight (c?55<10-15 in most
cases)

e Mass histograms were filled with pretty
tight requirements on the Primary Vertex:
- $ of at least two PV (for V,-V,)

e Various other cuts were tighter than
necessary



The samples (before relaxing cuts

MBDOKpi el il
.iﬂl'.lﬂ_— : - EnieE TR ‘E C Enfrkes 1753
xanu lt! B ® D+p gzgui_ B+® DOp : Msan 5678 Emﬂ-— Bo® J/y K+ t [ (3]
o r o000 - | AR o, 3800 e PS5 [0 h
Eaan: +| ~5500 i“““ - ~6800 }|+ Ee ~1300 | Undertion 2200
gl | [ # a0 Ouarflsw 0
geoot, | || $6001 ) ﬁ: | g T 1
EEW:MM } | | a0 Wy, I | | Eﬁmﬁ !
f o s} 1200/ \"IW} ¥ -
e 1 N 3 ;tf-_ f | 1000+ | |i | ' ‘
Bnu:_ . '\l\hJ 1; n{m;_ e 2 ’h l | 400 3
600} hj‘fw 600 U 1L I *
400 Pt 400 B 2001, J |
b r M | - My
200 200F G L W |
ke | . I F 1 U S e
A . S R U T e T v T W Y G i 538
D" = Mass [E-::;*]ﬂm D% Mass [GeVic)] B_sy K Mass [Ger.". J
L7001 ‘6500" AT — m %l T Stk
3 | BO® J/fy K**| - | u.;'(non prompt) 13!# - %:2 ! M 3712
SEDD- ) & o : | s pas
- Usdertiow 3| T [ D+® K+ | - | Unclarfia
;isuu' ~1100 g500. PP 1.’] 111 geoor |
e fooo —69000 [ goool !
Eao0f E *.* '\ 400/ |;'5|
g 3500— .‘* l. 12000 |.. |
300 % ao00f f .* 1000[- i 1
- ;11
200 Hﬁlﬁnt'% || 2500 i A *'1 ] j www###ﬁwﬁ"
- i | E W i
u ¥ - r i L
mn:- +‘iﬁ§t?‘lﬁ'. ‘ zﬂﬂﬂ;‘.‘w‘,‘gf ....... S5 \,\‘Hu 400:— ;
o Pl Tl L B . e e E : ': 2o00f P .
. 4.8 E 52 514 5.6 :';IE 15“1']3:1531341“5 186 1_37133139 19 1-91 EE SWGHSEEGWEI?3?2G?43TESTB SB
B—w K Mass [GeV/c ] D' Kxx Mass [G;-.Wc 1 Yi25) uumt Mass [Ge'lﬁl: ]

~15000 fully reco'd B, ~69000 Fully reco'd D+, ~6000 fully reco'd y’ (re-running)
Montecarlo: mostly BGEN (basically all of the above+B,), using Pythia if possible



The samples (before relaxing cuts)
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This comes with a price though!

J/y K" | J/y K* J/y KT | Iy K** | J/y K** K pp K pp J/ypp | I/ypp
BGEN Pythia Data MC Data MC Data MC Data
N-1| 1.18+0.02 | 1.24+0.016 | 1.35+0.017 | 1.18+0.02 | 1.56+0.02 | 1.14+0.009 | 1.22+0.004 | 1.16+0.02 | 1.21+0.01
L, +0.4 +0.12 +0.4 +0.3 +0.2 +0.02 +0.03 +0.1 +0.2
Pull
N-1 | 0.97+0.02 | 1.13+0.014 | 1.19+0.014 | 0.99+1.3 | 1.31+0.02 | 1.08+0.008 | 1.02+0.003 | 1.04+0.0 | 1.11+0.008
d, +0.3 +0.07 +0.4 +0.2 +0.2 +0.02 +0.03 2 +0.3
Pull +0.1
MC | 1.30+0.02 1.23+0.02 1.13+0.01 1.21+0.02
Xay +0.01 +0.01 +0.15 +0.04
pull
MC | 1.25+0.02 1.28+0.02 1.14+0.01 1.27+0.0
N +0.2 +0.09 +0.2 2
pull +0.15
MC | 1.17+0.02 1.15+0.02 1.160.01 1.09+0.0
Z., +0.03 +0.01 +0.01 2
pull +0.07
MC | 1.15+0.02 1.18+0.02 1.17+0.01 1.20+0.0
Lxy | +0.04 +0.04 +0.15 2
Pull +0.01

Large systematic uncertainties (up to 30%) and data/mc disagreement




Differences with last BPAK

1) We gain in statistics

2) Secondary vertex pulls in general get larger

3) We pay a price: larger discrepancy between data and montecarlo

e The main source of 1) and 2) seems to be the c? cut:
N-1 Lxy Pull vs c?5, N-1Lxy Pl vs c2,,
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This does not quite explain 3), since agreement between
data and MC seems pretty good!



Data-MC disgreement
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Disagreement is as large as O(30%) -
Can't be neglected e
A difference in the distributions? = -
(kinematics, geometry, chi2 etC.) . i i
c2;p is not well reproduced, but we C%y
moved to c?,, :

Other discrepancies? oy,

We compare systematically all the
distributions and pull behaviors for the
various samples, against MC




How different are distributions between data/MC?

0
B°® J/y K* N R
----Data o HTH
wt 4 EJF ot &5
~---MC (BGEN) I = B
wf. heer ik T
————MC (pythla) ! b i ¥

nm E- o =

1| E | e [

I b & b

. : " = - :

o = T s i_f ¥ =t

amf = + + ael o+ 4
" : - < R

:: +:t="'=l:‘.t om e o " -'EF; = _'_+: mz_:t "'“*"

Vertex Tracks
(Df<0.3)

¥
P, Vertex Tracks
(Df>0.3)

Red boxes show
qualitatively different
distributions:

e|solation

Pythia shows pretty good agreement, BGEN has discrepancies in kinematics



How different are distributions between data/MC?
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How different are distributions between data/MC?
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How different are distributions between data/MC?
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How different are pulls between data/MC?
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No statistical evidence of pull dependence, except for c?




How different are pulls between data/MC?
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No statistical evidence of pull dependence, except for c?



How different are pulls between data/MC?
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How different are pulls between data/MC?
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Bottomline

With larger statistics, better cuts:

No more dependence on ct/L,,
Kinematics MC and data differ significantly

However Pulls don't seem to depend on
those

Pulls do depend on c? but this is expected
since c2 can be expressed as a linear
function of the pulls themselves!

Pulls generally larger but far from the
7500 numbers (~1.3)



Repeating the 7500
approach



Strategy

Same sample

Same selections
- ]dy(D)|<100mm
- IMp-Mpps|<8 MeV
- 5.4<My<5.6
- C2%<15
plus:
- Right D-p charge (x0.5)
— DR(all B/D daughters)<2
- Lxy(D)>300 nm
(~100% efficient because of trigger bias)
- Pt(D)>5.5 GeV

~170K events (working on figuring out what's the source of the
discrepancy in statistics!)

Overall Lxy pull in good agreement with MIT fits: 1.31620.003
(width is rather sensitive on fit range & model though!)

Dependencies?



Caveat: Pull width depends a lot on fit detalls

Example: switch fit range from £2 to £2s

(Lxy(BVtx)-Lxy(PVtx))/c Sideband Subtracted LxyPull_sub

Entries 178036
F Mean 0.01223
10000— + RMS 1.48
B Underflow T702
B Overflow 7844
8000 N 42 I ndf 4297 117
B Prob 0.000485
L p0 9745 + 36.0
L pl 0.01358 + 0.00439
6000— p2 1.254 + 0.005
4000—
- -+ -+
- -+ -+
2000 h .
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(Lxy(BVix)-Lxy(PVtx))/c Sideband Subtracted YPull_sub_Clone
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Entries 178036
= Mean 0.01223
— ++ RMS 1.48
B Underflow 7702
N Overflow 7644
N 42 ndf 162.7/23
__ Prob 0
N po 9598 + 32.7
L pl 0.01374 + 0.00381
- p2 1.296 + 0.004
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We must be very careful in defining what we want
to really measure: even legitimate changes in the
“model” can produce significant variations!



Distribution for “prompt” B® Dp
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Pulls for “prompt” B® Dp
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Example of PuII VS Chl fits

T brob.=0 T brob.=0 ~ Prob.=0 T Prob.=0.0002 T Prob.=0.02
s=1.27 | $=1.29 : $=1.32 $=1.33 s=1.34
o2 1,276 = 0006 I ;_ B Lamz ot é: B e e 1 F = el | E L il |
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' +

57137 s 143 A 5=1.39 : $=1.52 $=1.48
_ | ._ \ v < v | é_ \ E\ /T_n
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$=1.49 $=1.51 $=1.53
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;;-""........"'.'"-r ET...._'—-l é_'-"'.........

Fit quality Is good at low statistics

*Fit gets worse at low chi / larger statistics

o..Fit systematics dominates over statistical uncertainty...



Pull depends on cuts and samples!

Width depends on chi2
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“Prompt” B® Dp

Pull vs c?2 c?,, Distribution
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Pull definitely depends on c?

ec? distribution is different between signal and “prompt” B® Dp



The 7500 plots

Isol. SV (DR<0.7)

DR track-vertex
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Bottomline

*We are able to roughly reproduce the 7500 quantity (L,, of ‘fake’ B)

Remember this is a quantity which is DIFFERENT from what we usually
use in our study

eFor this sample there are reasons to believe that c? shouldn't be
populated like for the signal:

*Presence of D* and/or pions from secondaries will make it larger than
In signal!

°L,, pull is bound to grow indefinitely with c> for “background”!

eLarger c2pP wider pull

In any approach: a tight cut on c2 will reflect in a
modification of the expected L,, pull, no matter
what the definition is!




Conclusions

eChanging cuts changes the scale factor
eChanging fit model changes the scale factor

*The scale factor is not really a “scale factor”: hidden
dependencies

A scale factor of 1.4 for the current analyses is
“conservative” In terms of the limit we obtain

eFor the future We know we can improve things!



Backup
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PV Scale Factor (no beam constr.)

«Can be probed directly on data using

V1'V2

eConsistent picture in data: O(1.38)

Monte Carlo after LOO re-weighting
shows similar numbers (bottom right)

Measured systematics from fit model
and across samples [effect is O(5%)]

Pull fit:

Reference:

eGauss (£2s)

Model Syst.:
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PV scale factor: other plots
(X,Y,Z)
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PV scale factor dependencies (X)

Pull vs # Tracks
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PV scale factor: details (a la CDF7500)
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Conclusions on PV

e Scale factor measured on data
e Stable (within 5%):

- Among samples

— No evidence of dependencies

 \We can move to the next step!



Beamline

Measure d,(B):

Beam y TrackbasedE b E y
BeamConstrainedE b E

Relevance
of beam
resolution

onL,,

Beam s scale
factor not
necessary




do(B): properties and limitations

Three possible ways of measuring PV:

1) Beamline

2) Track based Primary Vertex (TBPV)
3) TBPV constrained to beamline (“EbE”)
What enters in s(dy):

a) Beam (1,3)

b) Secondary vertex (1,2,3)

c) TBPV (2,3)

®None of (1,2,3) probes only one piece!

®Regime (relative contribution of a,b,c) differs
between (1,2,3) but also between L,, and d

Let's see what happens in a real case...



Limit to the dO / ny analogy ‘D’ Vertex error ellipsoid

» anisotropy (meanzRMS)

B Cis s HE-
MeB vk HE
. ] L. M‘?Eesi?;t)B_"””’ K* HEH
SV resolution ellipsoid Is Bz O
/ elongated and “seen &g}f’fﬁ?%m —
b)) - .6+49
®y Ly from” different angles  ugo ke i
d, by dyand L, ! (62557 e

vl b b by b e b I
20 15 10 -5 0 5 10 15

‘D’ Vertex error scale [in
e 100mMm units] (mean£RMS)

Not Beam Constrained Beam Constrained ey« HIH

MK Hi-
S do S Lxy Sdo S LXy ;"L%':‘"i‘%".‘s*)}*'w K HiH
Bas b X, -
PV 23 27 17 17 vy — —
{\nzc;;"ap‘g ?“ — Knn —r—
SV 12 36 12 36 MG B, 3 K — —
V12, HH
sum 27 45 21 43 ey

do, and L, probe different regimes of Sp,/Sg,: dy; dominated
by PV, L,, dominated by SV



Back to d,: Comparison among samples and with MC
Track based EbE Beamline EbE (with beam constr.)

B-D || 3D 1 b :

: B—-Dr
(0.98 +0.015 +0.01 ) 117 +002 +0.02) =

: (113 +0.02 +0.02)
B Dt b 30w X R b
( 1.06 +0.015 +0.016) 13002 R 002 BoDr HaH

. 35 Jiy K* .
B - JiyK HiH “1.IS +0.02 +0.02) (113 +0.02 £0.02)
(105 +0.02 +0.03) .
‘ Mc™="9" g L uw K HH g
B Jiy K - "LO4 +0.02 £0.03) B—JiyK -t
(112 £0.03 +0.02 ) ——— b (1.23 +0.03 +0.05)
MC™t B L gy K e 1.09 +0.03 +0.02)
(1.05 +0.02 +0.02 ) st g, gy K B JyK H——]
— - '*?’-“f fi“-f’f—’ £0.02) (119 +0.03 +0.02 )
(115 £0.01 £0.02) FoRiNm . e H
1.22 +0.02 £0.02) v’ — JIymn H-=H
reweight ~, : R
MC™**5™ y — Jiymz | | [ (123 £0.02 +0.02)
(0.99 £0.03 +£0.02) ‘103 1003 +£0.02)
A AT A S A W PR AR NTET FTAT ] SN AT AT AAT A Lo g gt Lo ) o o
0.7 0.8 0.9 1 1.1 D5 06 OF 08 09 1 11 1.2 1 1.05 11 1.16 1.2 1.26 1.3

SV Beamline and SV Beamline andS/V
—

Source of deviations from 1

Evidences of underestimate of beamline and SV errors!

S~




Why blow-up on the beamline does not

Why 30%? concern ny

eBack-of-the-envelope calculations:

*Typical ‘long run’

Initial and final luminosities

*On-line (SVT) beam width measurement confirms estimate

*Tested on single run
Why it is of marginal relevance:
eUsing ‘average beam width’ attenuates the effect: 30%® 20%:
s [mm] | Pull [%]
Ly | +0.5 +2%
do| +2 +6%
Other sources not investigated, however: not much of a

concern for L,,, relevant for d,




Bottom line

e d, pulls show effect of non unitarity of:
— Beamline pulls
- Secondary vertex pulls

e Restoring beamline pulls’ unitarity is of
marginal (2%) relevance for Lxy

e Let's move on to the secondary vertex!



Secondary Vertex

PV scale
Measure Data Consistency, factor from
N-17L,, Validate MC V-truth on
alidate
and do MC Monte Carlo




“N-1" L,,: data and MC

B— DL, pull [ width * stat - syst ]

Dii—muon
Warlsx m

Thies txcke \ red I"*. [ B—J/ Y K* H'.'H

b
il My I \ |/ (1.21+0.02 +0.02)
R e o pY )
Primary Verie sty ~ a/ dy /“/ MCrEWEIth B> Jh|f K* HeH
e . R (122 £0.02 +0.04)
P :
il B—-JyK HEH

{519 =003 +0.01 )

MC®"®" B Uy K HEH
«Computed L, pulls for the (.02 £003 £0.03)
various samples

eCompared to MC evaluation NICrew- Prompt [+, K =~
*Pretty good agreement! (1.14 £0.002 £0.03)

V' — J/ymr =
*MC seems to account for (0.98 +0.015 +0.01)
(pogsﬂ_ale) inter-sample mereveisht o s g e
variations and absolute scale (1.03 £0.05 £0.02)

of pulls!

05 06 07 08 09 1 11 1.2



Dependencies

Look for evidence of dependencies on geometry,
Kinematics etc:

e Pick a sultable set of variables:

Z of SV Df single track-rest of vertex

Pt of SV Pt of single track
Combined Pt of tracks in SV h of SV

Ct of SV #tracks with Ly, hits in SV

L,, of SV #tracks with stereo hits in SV

f of SV Combined Pt of tracks in SV (Df<0.3)

Isolation of candidate B (DR<0.7)  Combined Pt of tracks in SV (Df >0.3)
DR single track-rest of vertex

e« Compare how various samples probe them
e Check pull vs variables



Selected Plots

.We eXpeCt some Variation as a xslice_histogram_SecVtxZslices_stack
function of Z (for instance, 18
because of detector structure)

Ct dependence?

*All variations well within £10%
when integrated over kinematics

xslice_histogram_SecVixCtslices_stack distribution_histogram SecVixCtslices sub_stack
2

~20%/mm =

AP PPN P I T P P
0 002004006 008 0.1 0.120.14 0.16 0.18 0.2 uﬂ 0.020.040.06 0.08 0.1 0.120.140.16 0.18 0.2




SV scale factor: details (a la CDF7500)

Bec. WMx Z sliced TP Bec. Wx AR sliced TEP— Sec. Vi lsolation(s R < 0.7) sliced ===
1.6 - = 1.6 - = 1.6 fen. =
14-_ :l— -\:I-: 14-_ :ln :: 14 -_ _|_ :l— -\:-l:
: + O L} : O B : foen s
1.2 %_"‘-I—H— + e+ + P -l_-l_ 120 T N .
+ + T 4 -+ - + .
i + - + - .|.++
1L + 1L _|_ 1L
o.aL 0.8l oal
- Z - DR - 1s0l(DR<0.7)
o.&l 0.8l 0eL
T I B n“ﬂfi"ﬂ*&"ﬁLl“ﬂﬂJﬁW o Y
Sec. Vix 1 1D sliced P Ben. Vix P‘{B] sliced I
1.6 i=m & 1.6 [EE &
1.4 - 140 S
: ++ "“-'— + [T W : + 4+ + [
12- 4+ 4 + 1.2t Aty T T

: gy L+ + Non-statistical
" 't fluctuations
oaf h osf Py dominated by fit

n.s:_ n.s:_+ mOde“

1 L1 1 1 L1 1 L1 1 1 L1 11 1 Ll IIIIIIIIIIIIIIIIIIIIIIIIIIIIIII
-1 0.5 i} 0.5 1 2 4 & & 10 12 14 18 18 20




“N-1" d,: a cross check!

B pion d, WRT D vertex pull [ width+ stat + syst ]

Di—muon
Wartew n

nmees, QT B J/y K o
| n‘}l&\ (1.02 +0.02)
Prmary Verex g \ Mcmwe'ght B _} J.Il’w K+ I_._I
" (LI3 £0.02 £0.07)
B JiyK HaH
(1.O04 £0.03 £0.04 )
MC™"" B 5 Jay K
«Compute also d, pulls for the e st e e
various samples D* — Knn I
(1.03 £0.005 £0.02 )
eCompare to MC evaluation NICrew. Prompt [+ K -
+ + 0.03
*Pretty good agreement here (149 0002 20.63)
as well! Y’ — Jiynn
(0.92 £0.013 )
*Good job with the realistic MeTeveisht s Jhynn HIH
simulation+reweighting! (0.97 +0.04 +0.01)

04 05 06 07 08 09 1 11 1.2



SV scale factor from MC

Now that we know to what extent we can rely on MC,
let’s look at reconstructed-truth!

SV ecomSViruth: X

reco

Mmcrveishtg _, D" g+
(1.16 £0.02 £0.15)

Mc™vesht g _, D" x*
{ 118 =002 % G2.)

MC™""" B  J/y K*
(1.28 £0.03 £0.01)

MC™"" B — J/y K’ H

(1.21 £0.03 £0.01)

MC™™ P™ p* . Knn

(1.11 £0.01 £0.1)

MC™"9" v Jiyrr
(1.14 £0.03 £0.01)
Mc™"" B__, D_x
(1.24 £0.01 £0.05)

H

SV eco=SViruth: Y

reco

MC™ves" B _, D"+
(1.21 £0.02 £0.2)
MCrvssht B _, D"
(1.22 £0.02 £0.2)

mMc™"" B _; J/y K*
(1.22 £0.03 £0.01)

MC™" " B  Jhy K’ :
(1.21 £0.03 £0.01)

MC"™"- PPt D* 5 Kax |—|
(1.12 £0.01 £0.1)

MC"™"9" v — Jhynx
(1.2 £0.03 £0.05)

MC™"" B__; D.x
(121 + 001 +OO7)

=

0.2 04 0.6 0.8 1 1.2

'SV

reco
Mcr“eeht B _, D" x+
(1.15 £0.02 £0.1)

Mcrveet B _, D" g+
(1.13 £0.02 £0.15)

MC"™"9"™ B 5 Jry K*
(1.15 £0.03 £0.05)

MC™"9" B — Jhy K’
(1.12 £0.02 £ 0.01)

MC™"-PP™P' D* ., Krn

(1.16 £0.01 £0.01)

MC"™"" ' 5 Jhynn
(1.08 £0.03 £0.01)

Mc*"s" B__, D_x
(1.16 £0.01 £0.02)

1 04 0.6 0.8 1 1.2

_Svtruth:

Z

14 04 05 06 07 08 09 1

11 1.2 1.3



SV scale factor from MC

..projected along P,, and broken down into PV and SV contribution:

| reco_| truth LX reCO—LX truth- p\/ nyreco_Lthruth: SV
Xy Xy y y |
Mcmmighl B F Do e : : : : MCI’EWPIght B iy Da o I

MCYeisht B . 7 e |.__| {104 +0.02 +0.07) (1.2£0.02+02)
(1.14 £0.01 £0.04) MCreveisht B o e = MCrve"t B s D g+ =

. 3 +0.02 1.19 £0.02 +0.02
MG B e {103 £0.02 +0.01) ( | )
(112 £002 = 0.11) Mcreweisht g uy K e MC et B 5 Jhy K* b

" (101 £0.02 £0.0!) (1.24 +0.03 £001)
Mcmm'g t B - Jhl! K+ reweight d reweight *
(.12 £0.03 = 0.05 ) MC™*9 B — Jhy K H=H MC™"*™ B — Jhy K H

n ' (102 £0.02 +0.02) (1.14 £0.02 £001)

reweig = .
(115 +003 & 0.01 ) H MC™"" B, Dm b4 MC™™"' B, - Dz H
. T UUo T U {102 +0.01 001 ) (1.22 £0.01 £0.01)
MC™"-P™ D* _;, Krx
...|...I.......I:.I.I..!.....I...I..!...I..l..l

(1.16 £0.01 £0.15) 075 DB 085 09 085 1 105 1.1 : '0_'4' : '0{5' : 'o.la' = 1' L=t
MC"™" " v — Jhymr
(1.14 £0.02 £0.01 )
MC™™" B, D x | eAmazingly stable and consistent

(1.17 £0.01 £0.03) with X Y and Z!

05 06 07 08 09 1 11 1.2 1.3 .Varlatlons We” Wlthln 10%




SV Pull Strategy

“N-1"d, and L, validate montecarlo

Dependenmes studled In “N-1" do/L,,
are mostly due to choice of varlables
(to be confirmed by last bullet!)

MC predicts a SV scale factor of
1.2+10%

Before blessing: dependencies of MC
scale factor



