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CM%% Benchmark Channel: H — 7y =0

[1 Discovery channel at masses above LEP limit

(114.4 GeV/c?) and below about 150 GeV/c?

O low signal rate B ~ 107

BR(H)

[1 decay involves q,1V loops;
[ clean signature (contrarily to H — bb);

[] identified as a narrow peak on the top of con-
tinuous background

[1 Fully detected signature
O ~ O(107°GeV) for my < 2myy

[] detector resolution is crucial
0T~ O(1—100)GeV for my > 2my

[1 requires efficient background rejection _ 3 |
10— | R

[(H) [GeV]

. . . 50 100 200 500 1000
[1 Inclusive search allows any Higgs production Vi, [GoV]

mechanism to pass event selections
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[1 Irreducible backgrounds | rreducible backgrounds
: y
[1 born, box and isolated iy g oy G N
bremsstrahlung; v
(] diff. rates at 120 GeV oy 8 R ‘Q .
2
do /dm., ~ 100fb/ GeV/e Reducible bakgrounds
[ required mass resolution: .
5 ALY q ALY q mon, ...
AM,, < 1GeV/e
W%S\é gfmTé q jet
[] Reducible backgrounds et
[1 QCD high pp jet processes; Process o7 o
O neutral hadrons (7", ) may (GeV/e) (pb)
lead to the fake photons; H — 4y (120GeV/c?) | — | 0.057 (NLO)
: : : pp— 77 (born) > 25 32
[] required jet suppression op— 77 (box) = or o
pp— Y+jet > 40 4 x 10*
€jets ~ 1077 op—jets >60 | 6.6x 100
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[0 Unbinned maximum-likelihood (ML) approach is a new technique in CMS

[1 incorporates m(+7y) and other discriminating variables
[] similar to recent ATLAS publication
[ study assumes /s = 10 TeV LHC energy regime

[1 Derive basic principles that should drive the ML analysis

[] model has to be designed to facilitate analyses at low statistics
[1 provide a simple flexible model that can be expended step by step
[1 expose best kinematical discriminators

[] how to deal with possible correlations?
[1 design neural network discriminator for correlated variables
[] test justifiability of NN usage

[] feed the likelihood model to RooStatsCms package

[] estimation of expected limits and significance;
[ profile likelihood, frequentist (or modified frequentist CLs), Bayesian methods
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Signal Samples at /s = 10 TeV

Process Generator  #Events a9 osm y Ldt, (fb')
H120 (all) PYTHIA (LO) 20k 38fb  381b 526
H120 (gluonfusion)  MCatNLO 20k  40.84+0.7fb 40.8fb 490

0 M(H) values: 120, 130, 150 GeV/c?
[J Combine different generators and production mechanisms

[1 Pythia samples include a mixture of all productions (XS weights)
[1 compute k-factor with NLO event generator for the gluon fusion

[] assume same k-factor (1.51) for all production types

PYTHIA Signal Cross Section for M (H) = 120 GeV/c? NLO Cross Sections
N gg fusion WW fusion ZZ fusion WH  ZH  ttH M(H) o (fb)
14 TeV 49 fb 9 fb 34fb 37f 21f 15 120GeV 574
10Tev 27fb  49fb  18fb 25fb 1.2fb 06 fb  130GeV 499
150 GeV  23.2
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Background Samples at /s = 10 TeV

Process Generator N pr(H,)  #Events g% o™  Lum (fb™")

gg — vy (box) PYTHIA 10 TeV 25 = Inf 500k 22pb  22pb 227
g9 — vy (box) PYTHIA  10TeV 10+25 500k  580ph 580pb 0.86
qq — vy (born) MADGRAPH 10 TeV 10+ Inf 1M 210pb 210pb 4.8

pp — 7+ jets MADGRAPH 10 TeV 40100 1.96M  40.6nb 40.6ub 0.0483
pp — v+ jets MADGRAPH 10 TeV 100 + 200 730k 8.3nb 8.3nb 0.0877
pp — v+ jets MADGRAPH 10 TeV 200 —~Inf 2.18M  0.99nb 0.99nb 2.2
QCD Jets PYTHIA 10 TeV 60 245k 6.6 ub 6.6nb 0.037

[1 MADGRAPH includes the effect of high-pr jets;
[1 Require further re-weighting with NLO generators JETPHOX, DIPHOX, GAMMA2MC

[1 Private production of the QCD jets background with pre-filter
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}Q T T T “‘\ rrT
% 200 ; z:n21anx 199.32158.2 =
> T | Mean 119700
L 180 ; Sigma  0.6198 + 0.0160 —]
. . . 1601 £g. RUinsg 048 E
[1 Combine two highest pr photons in the event to form aof 1
2 X COrf. E
the Higgs boson candidate: 9% Nocorr.
100E M vix corr. E
80 =
O pr7h? = (20,20) GeV ( DoublePhoton HLT path ) i E
. 401 I —
[1 Correct for the primary vertex: a0k .HH E
: v L
0 bl TSIl kN ]
|:| I I ( ﬂ: . 7) 110 112 114 116 118 120 122
no pile-up samples (efficiency? M(yy) (GeVicd)
[1 negligible effect of vertex resolution e
- _ . ) . |n> -
N . _ S s, R5">0.048
O simplify study with control sample Z” — eTe & os0f 1o e 1
N [ |_power= 3.8+ 0.8
[] Resolution model: sum of Crystal Ball and Gaussian S 2001 1
. . 9 ‘2 1501 ]
[J best obtained resolution: |AM,, =~ 0.6 GeV/c", g
. 100( -
for EB non-converted di-photon events i
50+ =

P FFI BRI dosesbosked |
910 112114116118120122124126128 13(
M(yy) (GeV/c?)
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00 7V from fragmentation processes fake photons

[] accompanied by other particles e iR
[1 isolation exploit 3 subdetectors variables com-

puted inside a cone: AR = VAn? + Ag? ECAL HCAL

O =pr'™ < 2GeV/c in tracker Y=

0 = By — E} < 2GéV in ECAL
0 = Hy < 4GeV in HCAL

jet i‘=*-;‘{j,;

o < RARE AR RARS RARE AL RARE RLRE RARE <
> Isolation Q 10°F Isolation E @ Isolation -
8 10* —— Hoyy (PYTHIA) 8 — Hoyy (PYTHIA) 3 g —— Hyy (PYTHIA) 3
~ — pp- jets (QCD) s — pp- jets (QCD) 1 s — pp- jets (QCD) ]
<) 10° g g ]
3 (%2} (2}
~ ()] 3 ()
I £ 10° =
= 0 1T
o 10%f
2 -
10k : 10%
1f HPWW-
'l NP PP P P e e A A L | I T FEE PR FEEE FETe PR P |
0 2 4 6 8 10 12 14 16 18 20 0 2 4 6 8 10 12 14 16 18 20 0 2 4 6 8 10 12 14 16 18 20
Trklso (GeV/c) ECAL Iso (GeV) HCAL Iso (GeV)
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4 [] Y

" FRuith

[] High value of | Ry = E3X3/ESC /0] ANNAT

readily identifies non-converted photons Y Al

late/non converted ¥ jet

(] automatically selects against 7; T EREE

[] converted category remains background nura FH-
enriched; e \/e*

early converted y

[1 Divide events according to signal purity: Rg and 7

[0 S/B varies with 7;
[1 different resolution for EB and EE; %10 5 N
> i 9~ Fax3' Fsc ]
L[] conversion degrades resolution and raises bkg. Sk —signal
N — Background
4 categories 10k f -
| < 1479 | [p™ee| > 1.479 : il
R > (.93 25.4% 25.5% e E
Ry™ < 0.93 26.6% 22.5% ;
10°F E
[1 Consider 4, 6 and 12 category splitting ST | AT

:\\\‘\\\‘\\\\\\\\\ T T T A I
0 02040608 1 12141618 2

Ry
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' 5 800 8300_""I""I'"'I""I""I""I""I""I""I""_
%450 ILdt=200 pb % 200 ILdt=200 pb™ é ILdt:ZOO pb™
(_9400 B rp - yv(born+box) ©) I pp - vy(born+box) ] i 250 -ppﬁyy(born+box) -
N 350 B o - vHets(Madgraph) g’GOO B rp - v+iets(Madgraph) [ -ppﬂy+jets(Madgraph) ]
) PP - jets (QCD) 3 pp- jets @CD) ] 200F I pp - jets (@cD) -
8300 E ] [
= 250 L =
5 .
L ]
_ 50
0 100 120 140 160 180 20t 0 20 40 60 80 100120140160 18026( 00 0.10203040506070809 1
M(yy) (GeVic?) P, (yy) (Gevic) |CosB |
[ Signal assumption Event yields for / Ldt =200 pb !
. and /s = 10 TeV
[ apply k-factor 1.2 for box (Pythia); Vs
Process My — My| < 51100 < m., < 150
[ no k-factor for the born (Madgraph); H— -, 46 50
[] Limited statistics to estimate back- PP~ WEEO")‘) 27646 1325931
: - pp— 77(box
round vields per categories .
& y P & pp— ~-Hjets 165 825
[1 Isolation cuts are included pp— QCD 70 281
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‘Compact Muon Salencid

lin. corr, coef. (%)
5 3 5 Signal
[J Consider 6 kinematical parameters: e
gom | m G
vHiets i
[J Inv.mass My~ |acoy
Signal
Box
[J Transv. momentum DT~ i | i
.. yHiets
[1 Pseudo-helicity | cos 6%| acy|
Sign
T 1 2 Box
[l Pseudo-rapidity 7 RAE 7 R = (R
+jets
. ~1 C:{D
[1 ~1 transv. momenta: pr’ tu
B
[J ~2 transv. momenta: P72 | som | (w6
FHiets
[1 Correlation of m.. with others is it
‘Box
< 5% (< 15%) for signal (background) | om | e
¥
Qe 1
[1 Construct unbinned likelihoods based on
[ 5 vars with TMVA: all except m., S
n. corr. coef. (%)
. . - ~Signal
[] test different classifiers L
oo

O uncorrelated: m., pr, |cos6|

[ Model optimization: 3 event types {signal, born, box};
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C\G-ZOO-_IIIIIIIIIIIIIIIIIIIIIIIIIIIII_- g -IIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIII: .8350ilIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIII:
S [ — PYTHIA (all) ] %-’1000 —PYTHA @) ] = [ — PYTHIA (all) ]
Bogof  —MeanLoweo) 1 O —weanios | i F o —weanopo :
™ [ pp —yy(born) ] N pp - yy(born) ] 300 _ PP - yy(born) —
9', [ — pp ~Yyy(box) h E 800 —pp -yy(box) ] i — pp - yy(box) 1
> 800 ] 2 . 250 T
Qo ] c ] i 1
S 500k h g 600 ] [ i
u<_] " ] i 200 B
[ ] 400 N ]
400[ ] ] 150 ]
o ] 200 . 5
200 ] : 100
L AT BT AT AR i 0 [ L i e e e I ] N I
foo 105 110 115 120 125 13 0 20 40 60 80 100120140160 18020! 0 0102030405060.70809 1
M(yy) (GeV/c?) p,(vy) (GeVvic) |Cos@ |
8 :IIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIE ’a :IIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIII: ,a _IIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIII_
‘S 400 —PYTHIA @) ] % 600F —PYTHIA (all) 3 i 500 —PYTHA @ll) 1
o 350 — MCatNLO(gg) ] o [ — MCatNLO(gg) ] O I — McCatNLO(gg) 1
pp - yy(born) 3 :',500:— pp - yy(born) . =400 pp - yy(born)
300 —pp-yy(box) B - — Pp~yy(box) ] ;) - — pp-yy(box) 4
] o) C ] [ [ ]
1 2 400F 4 o [ ]
250 3 £ £ 300 .
200 1 Yaoof 1 % |
150 E F ] 200F 2
3 200 ] [ ]
100 E F ] 100k 3
50 E 100f g [ | ]
. C i [ .
h O: 1L, popfl "' ol AT R T
® 05 1 15 2 25 3 35 4 45 5 0 10 20 30 40 50 60 70 80 90 11( 0 10 20 30 40 50 60 70 80 90 120(
In-n,| p! p!’
T T
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[1 Build the following samples to

| Background rejection versus Signal efficiency

TMVA

1 . II!IIII!IIII!IIII!IIII!IIII!IIII:IIII!IIII

probe TMVA classifiers

TN T -
0 signal: Pythis: ) SR S N L

[1 background: born and box; 07F _________________ _________________ _______ _________________ _________________ _________________ ____________ o

Background rejection

|:| each Sample is Sphtted in 0.6 ............ ................. ................. ............ )
two parts: training and test; 4 e ML NN

|:| Test algorith ms: 0_4 e ................. C[]tSGA .................. ................. . ........... ............ i
: - ——— LikelihoodD . o
|:| multl_layer_perceptron 7| e, 1 — BDT .................. i ey BB S— 2o

(MLP) NNet; ... IV PO OO O TR O AL

"0 01 02 03 04 05 06 07 08 09 1
[1 Fisher discriminant; Signal efficlency

[] Boosted Decision Trees:
[1 likelihood

L1 All classifiers are similar

[1 MLP NNet looks slightly better
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[1 Likelihood provides a general approach for parameter estimation and statistical inference
[ likelihood L is a product of p.d.f. functions f* = f(z'): £(9) = Y, fi()

[ p.d.f. function is a sum over different types of events: f’ = Zj={s,b,...} Ejf;:

L e s ) (n, L ny )N N g g
£(0) = U E I 7200 + i 0)

[1 Several observables @ — # = {m.,,pr,,,|cos|,...} leads to the product p.d.f.

i =M (my,) - P(pryy) + T'(| cos 0%]) - ...

[1 One possibility to account correlations between observables:
[0 Multi-Variate Analysis (MVA) technique: NN, BDT, Fisher,...
f= Mi(mw) + N*(N Nous)
[1 Discrete variable or category split the p.d.f. as
M (myy) = 11 tM}L;:(mVV’ cat(Rg"™", [n|™**))

=cCca

[0 f* are different for each event type {signal, born, box, gamjet, qcd}

S. GG]I”LjOU’I” Search for H — ~~ with Unbinned ML Approach 14
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Model: Crystal Ball plus Gaussian
Fit of all categories
c:;\ :G:0.6I+/'0.3I T T %\350:'0":'[;-7!+;'(I).1”! """"" TTrrr] _: Agoojl.lllll|||||||||||||||||||||||lll|lljt
S 500 5 - 057+ 0.0 Gevie® 1 S 3005 0= 2.1+-0.1 GeVic? 3 No C = 0.60 +/-0.01 ]
8 [l 0_G = 0.75+/-0.03 Gevic’ 8 [| 6_G = 1.10 +- 0.05 GeVic? ] S 800K % 0= 2.17 +/- 0.04 GeVic? ;
[1f G= 0.34+-0.04 { n [l f 6= 0.60+/-0.05 ] r 0_G = 0.95 +/- 0.02 GeV/c? ]
o 400 o 250f0 - . (D] C ]
S [ m, = 119.67 +/- 0.02 Gevic? 3 o Fl m, = 120.18 +/- 0.03 Gevic? ] ) 700F f‘G_:l(i'::tlo'sth I —
~ [| power = 2.7 +/-0.2 . ~ H power = 3+-1 - C Mo = 129:65 % DOLGEVIC 1 7
~ 300F ) .': ] ; 200; : —: (\! o power = 20 +/- 14 ]
27T EB: R">0.03 T £ [ EB:RI""<0.93 ] O 600 =
o C : o 150 3 ~ C ]
() 200¢ T 1 5 500 -
100 - +— o 7
100F : ] o 400F 3
: ] 50 E = g -
: ] L 1 3001 =
900 105 110 115 120 125 13( EbO 105 110 115 120 125 13( - ]
M(yy) (GeV/c?) M(yy) (GeV/c?) 2001 =
—~ L LB BB T e~ T T T UL ] 100 E
N 350:_ = 0.63+-0.05 1 O 160 |a=060+-005 E n 9 ]
S [| o= 0.89 +/-0.03 Gev/c® 1 S F | o= 3.1+-01Gevic? ] -IQ- C b b b b Ly sesbodsaiosssd
RS I 1 Bl e ; 10112114116118120122124126 128 13
™ 250:_ f_G = 0.006 +/- 0.005 _Z ™ 120:_ f G = 0.51+/-0.03 _: M(W) (GEV/C )
o [| m,= 119.59 +/- 0.04 GeV/c’ 7] (@] [ | my= 119.77 +/- 0.05 GeV/c? ]
Z | power = 2.9+-03 = :/100:— power = 3.2 +/-0.8 —:
S 200f [P 22 : | 100p Lo : Barrel | Endcap
£ [ EE:RT">0.93 1 € gof EE: RM"<0.93 3 Rmm 0.03 | 25 4(y 75 5(y
O 150 - () C ]
i : E 2 60F - 9 ' > U. . 0 . 0
1 I | RMn <0.93]26.6% | 22.5%
50 3 20k E >
AM,, ~ 0.6 +2.2GeV/c

105

110 115

120 125 1:3;1
M(yy) (GeV/c?)

105 110

IIIIIIIIIIII
115 120 125

]
M(yy) (GeV/c?)
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Signal Background
%600 E /§\1400: T E
0 Higgs boson pr exhibits a long & s : G100 :
tail beyond the maximum %400 . élzzz :
7 300] E %

[0 |cos@*| is uniform for scalar
Higgs boson

[1 Suppress | cos0*| towards one
due to acceptance effect

[1 Enhancement of bkg. phase
space towards | cos 0*| ~ 1

Variable Signal Background

My CB+Gauss Exp

DTy Landau+Bif.Gauss | 2 +Bif.Gauss

| cos 0*| | 2 Gauss+Poll 2 Gauss+Poll
MLP Sum of Gaussian | Sum of Gaussian
Fisher | Sum of Gaussian | Sum of Gaussian

N
o
o

100}

TR N P . bndochabeioeniod
00 20 40 60 80 100 120 140 160 180 20(

p,(vy) (GeVic)

Landau plus Bifurc. Gaussian

| A RooPlot of "|cos(8 )]" |

Exents {{ 0.0653333 )
=
=]

Q‘IIIo1'”o'2”Iéél‘ol.i‘Ids‘"ds‘"é?‘"dé"és‘"
lcos(8 )]

2 Gaussians plus Poll

o]
o
o

400

200§

0:\\\‘\\\‘\\\‘\

P, (YY)

2 Bifurc. Gaussians

| A RooPlot of "|cos(8)]" |

a3
e

o Evegss/(08553
=]

oo~
400

200

o( 01 02 03 0.4 05 06 07 08 09
lcos(s )

2 Gaussians plus Poll

‘ ]
0 20 40 60 80 100 120 140 160 180 20(
(GeVic)
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[1 Run number of toy experiments
10fb~ ! and /s = 10 TeV

[] test different models:

0 extended unbinned ML fit; I\LA(O;;L) 2_1&3_03
[] estimate significance; E(mw,pﬂ 2 66-0.03
L(m, cos 6%) 2.47+0.03

1Y *
Su=(—Anlsn—ln) o
Likelihood model provides L(m.,, Fisher) 2.76+0.03
maximal performances exploiting Llm,, catd) 2.35+0.06

L(m~, pr?7, cos 6%, catd)| [3.60£0.06

the event topology and 3
discriminating variables

S. GCL’I”LjOU’I” Search for H — ~~ with Unbinned ML Approach 17
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[1 Extended unbinned ML approach: - | _
= EB:R™>093] Swj  EB:R™<0.93
[] sum over all event types: . 2™
=il s
{signal, born, box, gamjet, qcd} fo g=
[1 multi-dimensional model: - "
| cos 67| T ;
MMyyy PTyys | COS B R e e R e e
M{ry) (GeVic") M(ry) (GeVic?)

[] splitted into 4 Rg — 1) categories ac-

-

cording to a signal purity ;m EE: R,"> (.93 %‘m; } EE: R;™°< (.93
%"" ﬂ
L= T Mi(my, cat(BF™, |n]"*))-Plpr,,) T (cos )
|:| d f f h f d it 12 Hd e T8 10 12z I:{T:)Z:Gf‘zc;;n I1WWWW
.d.T.s for each component are Tixe i : 2wl .
p p Em — Slg+bkg gmé | COS e | +
[0 measured in the “side-bands” o - bkg £
S —-sigx 10 | Yo
[] floated parameters: N, and IV, s 3
[J compute a significance for each mass Doy T
100 ;?TY)"‘&EV.I 01 02 03 04 05 06 07 D.!Ic:;ir}l

[] floated mass is an option

S. GG]I”LjOU’I” Search for H — ~~ with Unbinned ML Approach 18
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[1 Toy Monte Carlo Validation of the fit model

[1 model the signal according to full Monte
Carlo model
[1 produce 570 H — ~y events per 10fb™

[1 divide 20k of signal events into 35 in-
dependent samples

[] account real correlations

[] fit with proposed Likelihood model, i.e. no
correlations between variables

[1 No bias observed in the /N, pull distribution:

Large statistical MC sample of signal is strongly
required for thorough validation test!

pull_val0 _htemp
n

2
18
1.6
14
1.2
1
0.8
0.6
0.4
0.2

07AAAAAAAAAAAA

M0 n nn RMS 1.336

w
N
-
o
P

2
pull_val0

(N,) = 0.02 £ 0.17;
r.m.s(INg;) = 1.344+0.17

S. GG]I”LjOU’I” Search for H — ~~ with Unbinned ML Approach
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upper limit on 6/G,, with 200 pb™' [nties 500

o/osm < 4.6 at 95% CL (200pb™1), /5 = 10 TeV
St =+—2AInL =3.3+£1.1(10fb7 1), /s =10 TeV

significance with 10 fb™

Entries 1000

w120 Mean 4.57 45 Mean 3.309
I RMS 2.346 - RMS 1.076
wor 40
100— =
R 35—
80— 30—
N 25—
60— E
B 20—
40— 15[
B 10
20— E
N 50
0_ - | L1 1 | 11| m L1 I L1 | ‘ i e | :
0 6 8 10 12 14 16 18 20 0= L TIRIE
95 UL on gy, / Oy, 0 6 7
significance

ATLAS expects 3.6 o with 10fb~ ' at /5 = 14 TeV

S.Ganjour

Search for H — ~~ with Unbinned ML Approach

20



[ rfu
| C'ombination with other Modes CED

saclay

95% Upper Limit on o/ogy with s Ldt =1fb™" and /s = 10 TeV

----#---- gg 1fb PLtoys No Syst
= ----w---- ww+zz 1fb PLtoys No Syst
bm 3 L T T S Y S R R S e B S S S R R N RS RS
"";3 5 —=— ww+zz+gqg 1fb PLtoys No Syst
DE
2 |msmans o T o i T o s T e s e i

PRELII\/IINARY

PP [ PRSP PPUSS COPIPRUPPRIPPSTRURISS TPRUUUPRUT Bt o S8 B A D . R S X S YUY SRR,

0.3

120 130 140 150 160 170 180 190 200
Higgs mass [GeV/c?]
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[ Carried out the H — ~~y analysis with new approach - unbinned ML

[ analysis exploits a full CMS detector simulation (CMSSW_2_2_9);
[1 MCatNLO event generator complement standard Pythia signal samples;
[1 backgrounds (Born, y+jets) includes high-py jets effects (Madgraph);

[1 Designed the Likelihood model with an eye towards early discovery

[] built flexible model that can be easily extended once more data recorded;
[0 3-d likelihood model (m+,, pr, |cos@*|) provides best performances;

[1 this model integrated into RooStatsCms to proceed with statistical tests;
[1 obtained signal significance for /s = 10 TeV for mpy = 120 GeV:

o/osm < 4.6 at 95% CL with 200 pb~*
S; = 3.3+ 1.1 with 10fb~!

[ contributes significantly in combined Higgs mass constraint at low mass region <150 GeV

S. GG]I”LjOU’I” Search for H — ~~ with Unbinned ML Approach 22
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Backup slides
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x103

> R R e L AR G R R e

[1 Estimated energy in the ECAL: A R ) CMS preliminary 7TeV Data

S M =116.39 + 0.14 MeV -

c IC c=11.6+0.1% .

€Y cluster \I I .t% 6 | +

\/\ o - ]

. ; . cC 5+ —]

Corrections Calibration 2 .

_ £ af N, = 32638 + 339 7

[1 Energy correction scheme 3_ SIB., =081£001

[0 F =1 for 5x5 crystal sum for the energy i

2 o b bev e b b b bvraa b baa i

of unconverted photons; 0.05 0.1 0.15 0.2 0.25 0.3 0.35 0.4 0.45 0.5

) Invariant Mass of Photon Pairs [GeV]
[] overall containment factor:

[1 local containment and boundaries; [1 Calibration and alignment
[] correct for the bremsstrahlung; (] dedicated 7V calibration
[ crystal transparency (laser monitoring) [ physics events

W+ —ety, 70 — ete”
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—_— 25 T 1 T 1
it * S/B=21
: : .. - Signal Onl
[] Start-up calibration precision .g o e
o L 7
[J test beam calibration only for 9 SM 2 | .
for EB (500 Xtals for EE) 5 15 -
[J others have couple % calibration from £ | .
cosmics for EB gu L i
[0 about 10% lab calibration for EE E !
[ Several paths for in-situ calibration 05F i T
200 400 600 800 1000 1200 1400

Number of ©° / Crystal

Strategy Time | Precision
Mean energy deposited by jet triggers independent | few hours | 2-3%
on ¢ at fixed n (correct for tracker material)

7 mass peak (L = 2 x 10%%cm™2s71) few days | <1%
ZY — ete™ absolute calibration 100pb~! | <1%
W — ev E/p measurement 5fbt | <0.5%
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‘Compact Muon Salenoid

Di-photon Rates
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N.Chanon et al.

vy + X onro (pb) at /s =7 TeV

DIPHOX, GAMMA2MC (NLO) pp— 77y + X includes:

born, box and one- and two- fragmentation

Process | > 10 GeV/c? | > 20 GeV/c? | > 40 GeV/c?
Born 288 299 43
Box 416 213 50
OneFrag. 2060 915 181
TwokFrag. 1514 830 232
Total 4278 2257 506
Di-photon oyz0 (pb)
m%m 09 TeV |236TeV |7 TeV | 10 TeV | 14 TeV
(GeV/c?)
10 716 1196 4278 | 5746 7627
20 251 768 2257 | 3155 4285
40 38 82 506 743 1051

photons
Diphoton Cross-section LO/NLO, ptT>5 GeV
5 10°E =
2 = ] O
= 0 0 . =
s - O
- =
10°E N
E n u | O
L | [l ] O
i O
u
i
|
10 2 [ ] LO, Myy>10 GeV
= HEEE NLO, Myy>10 GeV
-8 ] LO, Myy>20 GeV
P I NLO, Myy>20 GeV
10— [ LO, Myy>40 GeV
= H NLO, Myy>40 GeV
L S S N, 0 SO A 0 O S SO s, (M 0 00 4
0 2000 4000 6000 8000 10000 12000 14000

Ecom (GeV)

Expect about 500 di-photon events above
40 GeV with 1pb~ " at /s = 7 TeV.
Obviously, 2010 publication!
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CMS

Optimization of the Phase Space

‘Compact Muon Salenoid

[ rfu

ngh luminosity DoublePhoton HLT path (20,20) GeV

gOOOT AR DA AR AR LA R R RARE R .8 400 k& g
o —— PYTHIA (all) - .E —— PYTHIA (all) _: .E 350 —— PYTHIA (all)
O pp-yyborn) ] i 350 PP - yy(born) ] L pp-yy(born)
o~ 800t 1 300
= — pp~yy(box) E 300 — pp-Yyy(box) = — pp-yy(box)
g — pp— jets (QCD) ] — pp~ jets (QCD) 250 — pp— jets (CD) ]
E 600 250 -
L
i 200 I |3 200¢
400 150 E 150¢
1oo 3 100f
200 | b J ] :
I 50F
0O 20 40 60 80 100120140160180 20( 0O 010203040506070809 .1 O0 05 1 15 2 25 3 35 4 45 5
p.(vy) (GeVic) |Cost | .|

pTDR off-line analysis cuts p77* >(40,35) GeV

6\ L L L L N L L N LR B (7)) AARRNRRLEN LRRRSRARES RARLE LARLE LARRN RARRI RALEN LERLS (7))
S - 3 2 180H! 2350
1 700: —— PYTHIA (all) ] .E : —— PYTHIA (all) ] .E —— PYTHIA (all)
O] H pp-yy(born) w160 pp —yy(born) - Ll 300 i pp —yy(born) _:
\‘}I/ 600: — pp-yy(box) _: yy(box) I — pp-yy(box)
B i ) ] 140 -] )
O 500H — pp- jets (QCD) L | pp Jets @Qco) 3 250 — pp - jets (QCD)
= H ] 120(l e F
[ g ] nl 7 [
L0 400} . 100f ]ur f 3 200F
300} 3 80F g 150F
200 ] F _E 100}
] 40F 73 -
100 E 20F L 50; ]
u ; = 0- ol ILII 0' ]
% 20 40 60 80 100120140160180 20( 0 0102030405060.70809 .1 0 05 115 2 25 3 35 4 45 5
p_{yy) (GeVrc) ICos®| Il
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| Reducible Background Kinematics CED
\ saclay
High luminosity DoublePhoton HLT path (20,20) GeV
Dy (0100) o ann RARE RARE LARE LALE LALE RS LY RALE RS 8400 i
% —— PYTHIA (all) 4 E —— PYTHIA (all) Ll g —— PYTHIA (all)
O] I —— pp-yy(born) i 350 —— pp-yy(born) E —— pp-yy(born)
~ 800ft ]
N H — pp-yy(box) — pp-Yyy(box) E — pp -yy(box)
3 ) 300 ) - )
o) — pp— jets (QCD) — pp - jets (QCD) — pp - jets (QCD) E
E 600 ] 250 ]
L .
200 ]
400y B 150§ g
200} ' N 100 i g
H L0 'qlh- ] 50 -
-.:\:J‘-H"'“-'I-- el e o IR T 0 ok bl ]
0O 20 40 60 80 100120140160180 20( 0 010203040506070809 ,1 0 05 115 2 25 3 35 4 45 5
p_(vy) (GeV/c) |Cos | .l
~v+jets main contribution 40<H; <100 GeV
(\TQ\ '|"'|"'|"I'|"'|"'—_ gSOOj '|"'|"'|"'|"'|"'|I"'|"'|"'|"'-: .g140:""I'I"'l""l""l'"'l""|""|""|""|""_
> 160 Ldt=2001b" _: o - Ldt=2001b" 1 b __ Ldt=2001b" E
8 - PP -y +jets H=200-Inf GeV . (D 250 - - PP - y+jets H =200-Inf Gev_- Lﬁ 120 : - PP - y+jets H =200-Inf GeV/
q: .ppqﬁjels H‘:morzouee\?E g/ [ .pp«yﬂels HKZIDD'ZOOGEVE 100 __ .pp‘yﬂels H =100-200 GeV h
g/ .pp<y+je|s Hl=40-100GeV_: 8 200 I .pp<y+Jels H(:AO-lOOGeV__ 3 .pp-yﬂe[s H =40-100 GeV
k4 1 B f : 8of
£ W 150f . -
L i ] 60[
100F - [
] 40
50 . 20f
0 100 120 140 160 180 20( 00 20 40 60 80 10012014016018020( 00 010203040506070809 1
M(yy) (GeVic?) P,(vy) (GeVic) Cos0|
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)
<
N

[ Two main aspects in the framework of discovery analysis:
parameter estimation and statistical inference

[1 Likelihood function £ provides a general approach

_ _ —(ns+np) N
[J number counting experiment: L(N,ng, np) = © ”]é;”“"b)

O likelihood analysis based on p.d.f. functions [ = f(z!): £(8) = ny 7(0)

O p.d.f. function is a sum over different types of events: f* = Yi={s,b,...} ejf;-'

£(8) = T e.fi(8) + (1 — ) £i(0)

[] extended ML accounts different statistical fluctuations €, << ¢,

L e st (n 4+ n )N N = =
@ =" L £6) + mufi0)
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[0 Several observables & — & = {m,, pr.,,|cos0%|,...} leads to the product p.d.f.

f* = M'(m.,) - P(prs,) - T*(cos 6%)

[1 Possibilities to account correlations between observables:
[1 Multi-Variate Analysis (MVA) technique: NN, BDT, Fisher,...
fl= /\/li(mw) - N (N Nyyy)
[1 systematics uncertainties not trivial to extract
[1 factorization of uncorrelated multi-dimensional p.d.f:

fl = /\/li(mw) : Pr"(pTw, cos 0")
[] complexity of multi-dimensional parameterization

[1 discrete variable or category split the p.d.f. as

Mi(m'w) — k::l—([:at MZ(m'wa Cat(RS"’i", |77|maw))

[0 f are different for each event type {signal, born, box, gamjet, qcd}

S. Ganjour Search for H — ~~ with Unbinned ML Approach 30
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- Systematics and Control Samples with ML Approach — G0
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[0 simultaneous fit to multiple data samples (control sample):
NLL = %1 —log f(D4) + .?:1 —log f4(D’)
1= j=

[ further constraints are added in — log £ as additional terms

[1 suppose 0 is affected by systematics described by ¢(0,) p.d.f: "= f(z,80) - g(6s)
[] penalty term appears in log-likelihood
NLL = —logL —logg(fs) = NLLy+ NLLp
O in case of Gaussian p.d.f. x* = —2log L :
L

16—
NLLp = log(opV/2m) + (=L
0

[l account correlations between parameters and translate into multiple dimensions:

1 o -
NLLp =log(|V|:2r2) + (6 — )"V (8 - i)
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| TMVA overtraining check for classifier: BDT | ava | TMVA overtraining check for classifier: Fisher | ava
§ HI 0 slgnal'(test'sample) ! | I signal (fraining sample) = T "3 E AT sibnal (teStsample) | | |« 'signal (training sampié)” '
T 8] Background (test sample) « Background (training sample)— T 3] Background (test sample) - Background (training sample)—
§ =7 :_Kolmogorov-Smirnov test: signal (background) probability = 1.25e-06 (0.00625)_: % :Kolmogorov-Smir ov test: signal (background) probability = 0.962 (0.999) ]
zZ - E Z 25 ]
6 — — ]

5E 33 ? 33

C 1s 1=

- - o -19

4 — = N 1.5 —I

c Js 98

C Jg i

3 i 41

s 1E 1 —1B

2 3 & 1z

- qun 10

C 1< 0.5 —7

1 —E 13

J9 1o

o} 0 =}

-0.8 -0.6 -0.4 -0.2 0 0.2 0.4

BDT response

| TMVA overtraining check for classifier: LikelihoodD |

Normalized

TMVA
' Sighal (training sample) | " "3

4 0777 Signal (test sample) '™ [
H /) Background (test sample)

¥

« Background (training sample)

e
v

Imogorov-Smirnov test: signal (background) probability. =.0.00852 (0.607)

:

w

N
o

U/O-flow (S,B): (0.0, 0.0)% / (0.0, 0.0)%

0 01 02 03 04 05 06 07 08 09
LikelihoodD response

-04 -0.2 0 0.2 0.4 0.6 0.8 1 1.2 1.4
Fisher response

TMVA overtraining check for classifier: MLP |

TMVA
F= I Sigrfal (test Sample)’ * [ '] 'sighal (traifing saniple) = T "]
N m
T s [T/ Background (test sample) | | « Background (training sample) ]
g [ Kolmogorov-Smirppv test: signal (background) probability = 0.869 (0.645)
zZ C
25—
2 r

-0.8 -06 -04 -02 0 0.2 0.4 0.6 0.8
MLP response

U/O-flow (S,B): (0.0, 0.0)% / (0.0, 0.0)%
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Correlation Matrix
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