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p . What makes top and
s higgs Tough | 2

o The creation of tt pairs, single top quarks, and thCeDthngEgﬁlNARY .

boson are very rare processes. S0F——"—————
L] tt Cross Section: 6.8 pb = e i?bs = upperimis
[] Single Top Cross Section: ~2.5 pb I% &——:—_—;—:;—“—"—-t'—"-"—R_)l‘E‘)‘.t-;'=-=-=-=--—-«..=.=_=__
[] Higgs Cross Section: >> 1 pb T T Cqabh T T T
o The backgrounds are large. % al: T
[ w+Jet Production: ~100 pb (>2j) < |
[ Multijet >
o In order to reduce the backgroundss 1| ¢ -
tight selection and very specific _
decay modes must be used. *
[] Leptonic Decay of the W 10" | ‘

TR T TR N TR R N - Lo
L] B-tagging Required 90 100 110 120 %30
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& | TopPhysicsinRun2 4l

« The collection of 2 fb! of integrated luminosity will allow
us to explore the top quark in much greater detail than
In Run 1.
[] However, the statistics are still low!

e From the CDF Run 2(a) TDR (Based on Traditional Analyses)

Decay Channel Event Yield (2 fb1)
Produced tt 13,600
Dilepton (ee,uu,et) 155
Tau Dileptons (et,ut) 19
eUu + >=3 jets 1520
e,M + >=3 jets+>=1 b-tag 990
mass sample w/ >=1 b-tag 790
mass sample w/ >=2 b-tags 240
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=— Estimated Sensitivities of
le Top Measurements

1

H

e From CDF Run 2(a) TDR

M easurement Est. Uncertainty
M, 2-3 GeV/c?
o0, 9%
o[o,/0y,] 12%
O[B(t—->Wb)/B(t—>WX)] 2.8%
O[B(t—>Wb)/B(t —> Xb)] 9%
O[B(t->Wgy)] 5.5%
+ others...
o Searches:
1 Single Top Production (cross section, V)
L] X->tt

I Rare Decays
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Where Can Advanced
Algorithms be useful? &%

o Analyses where backgrounds are high even with the usual
tight selection (W-> lep, b-tagging), for example:
] Single Top Quark Search

] Tau decay modes Understanding rates into
"1 All Hadronic Decay Mode different decay channelstellsus
(] DO: Phy Rev. Lett 82 (1999) 4975 | &dout how thetop is decaying

|| CDF TOTEM Analysis
(1 Search for X->tt

o As a tool (not necessarily end result)
I Fitting of complex multi-dimensional templates (p.d.f.)
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All Hadronic Decay Mode
Cross Section (D0)

| |

e Preliminary event
selection includes
[] 6 or more jets
] soft muon b-tag

e Two NN are used

] First has 10 inputs
iInvolving energy flow.
[] e.g jet E;, Sphericity
] Second uses output of first

NN, P; soft m, mass
and jet shape.

e 0,=59+4/-1.2+/-1.1pb

June 1, 2002

Events

1000 ¢
F=
500 [ L, .
o Signal+Background
100 |-
r 3
50 |- L' 3
I i —‘"‘—“ N4
'ifﬂnu‘. :
1O Background E
5 %
: Signa RS
shal SSRLILKS
STIRA A RKL IS
PRI R LIRL S
, R TEILIL LA LRIEEKS
| X e IR AE KL AL IRLHIIRKIAK RS
0.0 0.2 0.4 0.6 0.8 1.0

Advance Algorithms Workshop

Neural Net Output

Page 6



=.—All Hadronic Decay I\/IodeH
?U Cross Section (CDF) #~%

e Preliminary event
selection includes
[] 6 or more jets

events/10

F CDF Preliminary
160 *% e Data, N(tag)>1

. 140 — D Pythia
I displaced Vtx b-tag : | Qoo
120 - erwig ,
o Analysis used TOTEM : ? My =175 Gevc

card (hardware
Implementation of NN) 50

e 0,=8.6+/-19+/-1.5pb

(o]
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. Template Fitting
“!’“ (e.g. Top Mass)

| |

o Many analyses (e.g. ALEPH: HZ—»qgbb Search
Top Mass fitting)
require templates that
give the reconstructed
guantities versus the
desired parameters.

o There is not always an "“\\\\\;\‘\
obvious mathematical e
functional form to
parameterize the
templates. Neural Net
fitting may be a nice

option.
June 1, 2002 Advance Algorithms Workshop
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L Single Top Production #~%

1

W-gluon fusion process
q q

o Predicted by standard model.
Direct probe of the strength (V)
of the electroweak vertex t-W-b.
Background for Higgs events.

e W-gluon fusion (t-channel):

-/ Hard b-jet, W decay products, soft . Tendsto be
b-jet(usually lost), light q jet “torward”
1 0=1.47+0.22 pb (Stelzer et al)

Signal isW+b+q

s-channd W process

e S-channel W*:
1 2 hard b-jets, W decay products
1 0=0.7520.12 pb (Smith et al)

Signal isW+b+b
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. Backgrounds for Single
lgll“ Top Quark

o The backgrounds to Single Top
Production are substantial.
] Wbb (& Wcc): same final state patrticles:
[] Lepton+Neutrino from real W boson

L] Jets tagged as “b’-quarks.
L] Muo # My, (In general)

] tt Production:
[] Lepton+Neutrino from real W boson
L] Jets tagged as “b"-quarks
[] Real top quark! M,,, = M,

] Others at a lower rate (e.g. WZ w/ Z—bb)
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Representative Kinematic
Distributions

of
0 20 40 60 80 100 120 140 160 180 200

GeV GeV GeV

| ' non-top background
mm (t background
| - signal

All histograms normalized to unit area for comparison
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L
& ISingle Top Measurements#-#

« SM for the Run 1 Tevatron: o, ,~2.2 pb ( CDF tt: ,=6.5 pb)

o DO analyses:

] Phys.Rev.D 63: 031101, 2001 (high-P; e or y, . tag, E; sum cuts)
"I Phys.Lett.B 517: 282, 2001 (high-P+ e or [, tag/notag, Neural Nets array)

o« CDF analyses:
"1 Phys.Rev.D 65: 091102, 2002 (high-P; lepton, b tag, M, cut, 2-tags)

] NN search (preliminary results)

Analysis | W* (95% C.L. limitin pb) | W-g (95% C.L. limit in pb)
DO (1) 39 58

DO (2) 17 22

CDF (1) 18 13

June 1, 2002
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- Single Top Quark Search
L by D0

H

o Search for tb (s-channel) and tgb (t-channel) separately.

« Sample selection starts with initial cuts requiring a lepton+g-
and jet activity. Sample both with and without b-tagging (via
soft i) are considered.

o Structure of NN Search: 5 Parallel Networks

«— Inputs subsets of

W” Wbb WW tt Miss— 28 Variable List
T——— Number of

hidden layers

differ.
L L L L L\ D Separate Cus on

5 NN outputs.
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. 1 Expected Number of
Elf' Events 2

I nitial Event Selection

e+ ets/notag e+ ets/tag m+jetsnotag  m+jetstag
tb Signal 1.41 (0.25) 0.22 (0.04) 0.84 (0.16) 0.11 (0.02)
tb Background 661 (130) 16.28 (2.03) 389 (91) 5.93 (1.22)
tgb Signal 2.44 (0.43) 0.27 (0.05) 1.85 (0.34) 0.16(0.03)
tgb Background 660 (130) 16.23(2.02) 388(91) 5.88(1.22)
Data: 558 14 398 14

After NN Selection

et+jetsnotag et+jetdtaq m+jets/notag  m+jets/tag
tb Signal 0.20 (0.04) 0.14 (0.03) 0.16 (0.03) 0.08 (0.02)
tb Background 16.5 (3.83) 2.29 (0.61) 16.10 (4.66) 1.07 (0.32)
Data: 15 2 9 1
tgb Signal 0.38 (0.08) 0.17 (0.03) 0.50 (0.10) 0.11(0.02)
tgb Background 12.75 (3.58) 2.22 (0.56) 16.73 (5.13) 0.91(0.23)
Data: 10 2 14 1
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o

Trained Neural Nets #~8
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o The output of the five neural nets for the case of e+jets
channel search for tgb (“W-gluon™) process.
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Results on Run 1 Data #~#

i 5 _ 7, 125 7 125
o 150 — Wjj —tgb 2 100 £ Wo% 2 100 WW —tgb
5125 | 5 AL )
£ 100 £ s PF ﬂ} s ©
B gsof po el 2 % 0044
50 F F &
Li 25 E Lﬁ 255_ Lﬁ 25
0 L1 ok eI B h 0 | "
0 05 1 0 05 1 0 05 1
NN Output NN Output NN Output
7 350 T 175
= tf—tgb = MisID e .
ool B e ° D@Daa (Initial Cuts)
2200 Z 100 £ Signal + Bkgds (Initial Cuts)
9 150 £ @ T5E 50 x tgb Signal  (Initia Cuts)
o 100 f l T 50 —> Cut on NN Output
woSE 65 OB [ D@ Daa (NN Cuts)
0 05 1 0 05 1
NN Output NN Output

o Results of e+jets (untagged) for the tgb (“W-gluon”) process.

o The cuts are chosen simultaneously selecting the set which

gives the best expected limit based on MC.
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L
e DO Results | & |

o The procedure of examining the 5 neural networks is repeated
for the different final states (e+jet (untagged), e+jet (tagged),
u+jet (untagged), p+jet (tagged)) and different signal process
(tb, tgb)

o The resulting limits are summarized in the table below.

etjets m-+ets Combined
s-channel tb
untagged 44 45 35
tagged 26 39 19
combined 22 26 17
t-channel tgb
untagged 41 43 33
tagged 43 59 30
combined 27 32 22
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CDF Search for Single
Top using ANN

| |

o Initial Event Selection Required lepton+§ +b-tagged jet. The
Runl expected contributions are:

 Ygq = 4.2 single top events

" Hpontop = 43.3 non-top background events (+ 8.4 events)

Y, = 7.4 ttevents (x 2.2 events)
W+ 1jet W +2jet W + 3Jjet Total events
Singletop 0.7 3.0 0.5 4.2
Non-Top 15.6 24.0 3.8 43.3
tthbar 0.3 3.7 3.5 7.4
Expected 16.6 30.7 7.8 54.9

o S/B =8% - very small (compare tt : S/B = 260%)

] NN approach suitable as it combines information from many variables

] no additional cuts - retain the 4.2 signal events (expected)

June 1, 2002
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L=
JEU Input Selection |

o Start from a large set (18 variables):
"1 energies: E{1, E{2, Ef®P, B; Hp, VS
"I angles: n't, n?, cos(6,,), Qxn, R,

Settled on 7 variables
E1J11 E1J21 ETIep1 E ’

Hy, P, QN
. . . . . . T ’
1 j-jy 1-j-v system: Mii, P il MV y
: . 1 =—"i7
I'Jet counting: N;, Nig, Ny, 1546 > — +E
CDF Preliminary 3 + Njet
4 — EL EJ2 B, Hy
08| ﬁ%&@;&ﬁe&f‘% Nes 5 +E:
B 5 ¢4 o o ¢ N= .
0 oes|— et 6 — + P,
3 F 7T+ Qxn
€ sl Tt 9 ~ + Mii, MW
E L L
“§ 0.62— T 18 = + CoseIb1 ﬂ’l’ 0121
L . - &—e—0—0 N
Toor + R, Njet, ni,Vs, Nj8,
0.6—
[ % e e + Ntags
2 4 6 8 10 12 14 16 18 20 22 Page 19
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=
lgll’ 3-Output ANN h

« 3-layer network
17 input variables = 7 input nodes
1 3 categories of events = 3 output nodes
117 nodes In the intermediate layer (best in the 6-20 range)

e Require:
1 (04,0,,05)=(1,0,0) fornon-top
1 (04 0,,05)=(0,1,0) for Wg, W*
1(04,0,,05)=(0,0,1) fortt

o Outputs estimate Bayes a-posteriori probabilities for each class
(reference: Richard&Lippmann, Neural Computation,1991)
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Output Distributions g«<§

Output distributions for the three MC samples

CDF Preliminary

non-top background single top signal tf background
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Output Sum

| |

QCD_sum
5000 |- Nent = 16055
Mean = 1.01
" RMS =0.08841
= 4000 |-
(O]
S
:E 3000 |-
o) non-top
S 2000
e
>
Z 1000
Cnnnnll nrflallannnnnlnnnnflannn
0 05 1 15 2 2.5
01+02 +03

3

7000

5000

3000

Number of events

1000

CDF Preliminary

Signal_sum
Nent = 23522
Mean = 1.02
RMS =0.08618

single top

0

0.5

1

15

2 25

01+02 +03

e The outputs tend to sum up to 1.0

3

Number of events

4500
3500
2500
1500

500

Ttbar_sum
Nent = 12659
Mean = 1.013
RMS =0.07539

[10,+ O,+ O;= 1 reduces the problem to two dimensions

June 1, 2002
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%l_{’ Output Distributions (2) #~8

e Run MC events (signal and backgrounds) through the net, project
output, and get the three “triangular” distributions:
CDF Preliminary

| non-top projection | Monte Carlo QCD | signal projection | Monte Carlo Signal | tthar projection | Monte Carlo ttbar
Nent = 16055 Nent = 23522 Nent = 12659
™S Mean x =-0.2033 Mean x = 0.1895 ™~ Mean x = 0.1137
Mean y = 1.099 Mean y = 0.9889 Mean y = 0.4818
RMS x =0.3385 RMS x =0.2812 RMS x =0.1628
| RMS 'y =0.2165 | RMSy_=0.2625 ® 1400 RMSy =0.3573
‘g 1800 g 6007 E 1200
0 Q 5001 o
> 1400 > @ 10004
o 2 4001 = o0
O 1000 o) (@]
- & 3007 O 6001
(] [0) [0}
Q600 _g 200 -g 4004
g 200 4 > S 1007 2 2001 - T3 E
pd ] - Z o 0- = 253
1.4 1.4 1.4 <
127 5140-6 1277 = 0.4 96 127X 53335333 0.4 06
0.8 5 02 0.8 > 5 02 1T e "EEEE 5 02
0604 b 0402 \I\ .J/ 0604 04‘0-2 \I\ 0.604 'T::E 04-0'2 \I\
02706 02706 0206

e To find the composition of a given sample, we fit its ANN output

distribution as the sum of the above distributions
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‘f'-l;, Run 1 Pseudo-experiments

Results ol

 Construct fake Run 1 datasets from Poisson means: g, = 4.2
single top events, Hocp = 43.3 non-top events, = 7.4 tt events

o Signal percent uncertainty ~ 140%. We proceed to set an upper
limit on Run 1 single top production.

CDF Preliminary From the P.E. we
Pul (il found an a priori
Nent = 9912

F Signal 1600 |- ean =-0. 0 -
"g 900 :— Nent = 9912 -lg [ '\RAMS _ f;:?s 95 /0 CL Of.
g E_ Mean = 4.064 GEJ :— Constant = 1.53e+03 + 19.5
= : RMS = 5.948 = - Mean = -0.0824 £ 0011 .
‘é’_ 700 3 :.3_ 1200 = Sigma =0.981 + 0.00743 o) 18.14 S ngl e
[ o o [
(e} o ®] -
© 3 © - tO e\/ents
3 SOF 3 800 P
o - o L
S 300 f S i
5 F 2 a0l 0 10.5pb
£ : € X
> 100 2 2

; 0 — Allnnnflnnn |

20 10 O 10 20 30 40 -6 -4 -2 0 2 4 6
Ngignal (€VENtS) Pull
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Run 1 Data

| |

o The expected and observed numbers of events, after all the
selection requirements

CDF Preliminary

W +1jet W +2jet W + 3jet Total events
Singletop 0.7 3.0 0.5 4.2
non-top 15.6 24.0 3.8 43.3
ttbar 0.3 3.7 3.5 7.4
Expected 16.6 30.7 7.8 54.9
Observed 14 41 9 64

o plot NN output and fit to the Monte Carlo templates

June 1, 2002
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i
le NN Output Fit

| |

e Runl NN output distribution:

CDF Preliminary

[Sum of NN Outputs | [ Run 1 Data Projection | Data Proj.
- Data Sum Nent = 64
16 [ Nent = 64 Mean x =-0.005041
uk Mean = 1.037 @ 4 Mean y = 0.9679
2] L RMS = 0.14 S 3 RMS x = 0.3307
= C
C > A =]
S 12 g 3 RMSy = 0.319
Yook 5
S O 23
— ()] E
g 8 ‘E-’ 13
e 6 é’ 3
> L
pzd 0]
4r L
2F —L =
L <
-I 111 I 1 I"”I I 1 [l 1 I 111 I"I L1 1 1 I L1 1 1 _
60-

0 0.5 1 15 2 2.5 3 “ 0-0.
O1+02+03

A Bayesian
approach yields a
95%CL upper limit
on the cross section
of 23.9 pb.
(Includes effect of
Systematic uncer.)

Binned likelihood fit with Gaussian background constraints:
] signal: 22.9 £ 7.6, non-top: 36.1 £ 6.2, ttbar: 7.6 £ 2.0
1 5 times larger than and 2.5 o away from the expected 4.2 events

June 1, 2002 Advance Algorithms Workshop
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«gl& Estimate of Single Top
= Yield in Run 2 Vs

Source: S. Truitt, P. Savard : Top Thinkshop, Oct. 17, 1998

To go from Run 1 to Run 2:
] luminosity increase 2.0 fb't /0.11 fb-?
] cross-section increase (40% for top, 12% for QCD background)
1 acceptance increase factor = 1.9 (CDF Il TDR 1996)

Expected Run 2 contributions:
] single top: 140 events
] ttbar background: 340 events
] non-top background: 1040 events

Perform Run 2-like pseudoexperiments for different luminosity
values up to 2 fb!
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e Run 2 Pseudoexperiment Study®@* s

o 10000 pseudoexperiments for each of ten different values of L.:

o
ol

0.45

o
~

0.35

o
w

Expected Uncertainty

| | | | | | | | | | | | | | | | | | | | | T
1000 1200 1400 1600 1800 2000
Luminosity (1/pb)

| | | 1 1 | | | 1 | | |
400 600 800

o

N
N
NG
S
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El{' Higgs Search

o Production mode for Higgs search at the Tevatron:
pp—WH or ZH
followed by W—|+v, Z—I*l, or Z-—wv

o Decay of H:

combined CDF /DO thresholds

— 95% CL limit

have focus on lower

A
1 My<160 H-—>bb N L
1 My>2M,, H—WW g 130 fb
1 M,>2M, H—ZZ g1 10 fb
= ]
o Neural Net Analyses - 1y o
G

10° 3 — 30 evidence E
mass H. L TS0 dscovery ]
80 100 120 140 160 180 200
o Large Datasets are Higgs mass (Gev,/c?)
required.
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Backgrounds to Higgs

|

Delta R b1-b2 i

0.04]
0.04]

o The backgrounds are very
similar to those for single top
I WH Production Mode:

0.035]
0.03]
0.025]
0.02
0.015|
0.01
0.00]

50 100 150 200 250 300 350 400 450 100 150 200 250 300 350

- Whb, Wcc SRR
| Single Top Quark
Lt

I WZ

1 ZH Production Mode:

ol
D tt 0 20 40 60 80 100120140160180200220240

L] zz

Missing Et

o L
0 01 02 03 04 05 06 07 08

JetProbPbl

|
0 0102 03 04 0506 07 0809 1

0 100 200 300 400 500 600 700 0 200 400 600 800 1000
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o
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Delta R lep-b2
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10 0 I
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. Study of a Neural Net
lgll“ Higgs Search g

o Study of NN Search for low Networks for WH—>Ivbb
mass higgs (Bhat, Gilmartin, o, P
Prosper, Phy Rev D. 62, *

2000)

0.05

e Analysis look at leptonic ;
decay modes of W (e,u) and &
Z (ee, UM, W).
o Detector Simulation:
1 Uses toy detector simulation

V7 77V 7 7 7 77T T

e I [P R

0 02 04 06 08 1

(SHW)
] Dijet Mass Resolution (~10%)
L] This is going to take work! %002 04 06 08 1
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. Reach of NN Higgs
“!’“ Search o |

- |ntegrated Luminosity for Single Exp.
» Using the decay modes = Y gie =Xp

- A45_ [ raditiona S: SiIgma
mentioned the study R e o e y
shows the NN work ‘E“O;
seems to have a major 3 35¢
' _ T 301
impact g : //
o Hopefully the power of 251
this holds up after more 2o} =
complete detector 15 e
simulation and the Lof A/ _—
accelerator environment - —
of Run 2b. -
%5 90 95 100 105 110 115 120 125 130 135
Higgs Mass
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i,
lgl{“ summary |

o The study of the top quark and search for the Higgs Boson
promises to be very exciting during Run 2.

o The processes involve small production cross sections.

o The backgrounds are challenging
] Signal is often “between” two backgrounds.

e Advance Analysis techniques, such as Neural Networks,
are going to be essential to full exploit the data.
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