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Overview

¥ Likelihoods in BSM searches at CMS
¥ Binned Cut and Count (Poisson)
¥ Unbinned Shape Analysis (Analytic function)
¥ Binned Cut and Count (Multinomial)
¥ Approximating the likelihood for reinterpretation
¥ Simplify as binned cut and count (Poisson)

¥ Tools to help and future efforts
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Public Likelihoods in CMS
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CMS SUSY Public Likelihoods

CMS SU.SY Reference Likelihoods and Additional Information
Analysis
Razor arXiv:1212 6961 Binned Likelihood, Yields,

(7 TeV, 4.7 fo )

twiki.cern.ch/twiki/bin/viewauth/CMSPublic/
Razorl ikelihoodHowTo

Forthcoming: Detector Response,
Efficiencies

SS Dilepton,
2 b-jets
B8 TeV, 10.5 b1

arXiv:1212.6194

Yields, Detector Response,
Efficiencies

1 Lepton
(7 TeV, 4.98 fb)

arXiv:1212.6428

Yields, Detector Response,
Efficiencies

OS Dilepton

arXiv:1206.3949

Yields, Detector Response,
Efficiencies

/, Jets, MET

PLB 716, 260-284 (2012)
arXiv:1204.3774

Yields, Detector Response,
Efficiencies
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Canonical Use of Likelihoods
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Canonical Use

Use your favorite generator, Pythiag,
MadGraphb, etc. for your BSM model
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c 0. 9:, 1 c H ]
L 7F cMs Vs=7Tev, L =35pb? : 2 CMS \s=7TeV,L = | "H
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Reinterpret results for your BSM
model with the likelihood
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Bayesian Application of Likelihooo

Recall from G. Cowan’s talk

BayesO theorem only neéds! ) evaluated with a given dai
set (the Olikelihood principleO).

Single bin counting experiment
Observe N events (data)
Interested in a signal, with Poisson
likelihood and mean s+b (model)

(S + b)N e (s+Db)

L(N|s, b = T

Update our priors in light Ny = (NS, Dx(s, b
of data with Bayes’ rule s, AN) [ L(N|s,b~(s, bdbds
normalization iry'
model space
Javier Duarte CMs,
Caltech
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Bayesian Application of Likelihooo

Parameters play different roles
S - signal yield, parameter-of-interest . .

. . non-informative
b - background vield, nuisance parameter \

(S, ) = ms(S)my(b)

N
| | informative
Usually only interested In

signal yield, so we marginalize P(SIN) oc L (N]s, bms(s)m(b)db
nuisance parameter

upper limit on

Compute 95% credibility  s,u” Signal yield
intervals or whatever we want p(s|N)ds=0.95
0

Javier Duarte CMs,
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Example: cut and count
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SS Dilepton

Search in SS dilepton + jets + MET
final states in several signal regions

arXiv:1104.3168
JHEP 1106:077 (2011)

7/ TeV/8 TeV Updates
arxiv:1205.3933
arxiv:1212.6194

After selection,
estimate backgrounds

¥ Rare SM Drocesses
(from MC)

e.g.dq! WZandZZ,

ag! qqWew*
2# (gqgq! W*), ttw, and WWW
¥ 1 or 2 fake leptons

(data-driven)
e.g. semi-leptonic t@

\_

~

(

Javier Duarte
Caltech

¥ 2 isolated leptons, Prst leptga > 20GeV,
second leptopy > 10GeV

¥ Rellsax 0.1for pr > 20GeV
and IsoSum 2GeV forpy < 20GeV

¥ 2 reconstructed jetpr > 30 GeV

¥ EMss> 30GeV (eeandup)
or EMss> 20GeV (eL)

% charge mis-reconstruction
(data-driven)
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http://arxiv.org/abs/1104.3168
http://arxiv.org/abs/1104.3168

SS Dilepton Results

| Search Region | ee | T | ey | total | 95% CL UL Yield |
Lepton Trigger ' 0O
Set Bayesian 95%
MC 0.05 0.07 0.23 0.35
predicted BG 0.23 932 | 0.23 325 | 0.74+ 0.55| 1.2+ 0.8 I . .
observed 0 0 0 0 3.1 Cre I I I y “ | II S
Ht > 200 GeV
MC 0.04 0.10 0.17 0.32
predicted BG | 0.71+ 0.58 | 0.04 937 | 0.25 53 | 0.97+ 0.74 B B 1
observed 0 0 1 1 4.3 500 CMS \@ =17 TeV, I—im =35 pb
HT Tr|gger 9 B T T T T | T /I///I T | T T T T | T T T T | T T ] T T |
Low- pr D [ T=LSP —— NLO Observed Limit . LEP2 ¥ ]
MC 0.05 0.16 0.21 0.41 @) - NLO fimit (effic del - =
predicted BG | 0.10 0.07 | 0.30+ 0.13 | 0.40+ 0.18| 0.80+ 0.31 ~ - ===+ NLO limit (efficiency model) LEP2 | 4
observed 1 0 0 1 4.4 5 400 d(300 £ 0 T
DO =,
el me Il total 95% CL UL Yield | £ - Gev) | RUFAV
'n enriched i tanp=3,A =0,u>0 i
MC 0.36 0.47 0.08 0.91 B 0 g(800 GeV) |
predicted BG | 0.10+ 0.10 | 0.17+ 0.14 | 0.02+ 0.01 | 0.29+ 0.17 300 (65 ]
observed 0 0 0 0 3.4 i 0Gev) ]
| g(650 GeV) ]
- §(500 Gev) |
Data: N -
100
0 100 200 300 400 500
m, (GeV)
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Additional Information for
Gen-level Study

> 1_| T | T T T T T T T T T T T T T TT T TT T TT
O -
S 0.9F 1 3
'S - CMS \s=7TeV,L =35pb’ .
= 0.8~ e . —
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LR e
Co ~00
0.6, &° -
g
0.5 ? -
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- —e— U .
0.3 ;_© -------- u efficiency fit -
0 2:_ —— e =
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0.1~ 3
O :I 1 | 1 1 | | 1 1 | | 11 | | 11 | | 11 | | 11 | | I 11 | I 11 | [
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0.1

L _l+J|lHljll'Ml ;lm-
. ,H5§LT}{T+1*|III ]Tll ||[T |‘N ﬁ-ﬁ
,9"";,* AN ‘ &

CMSSM LMO simulation

—e— T

---- 1 efficiency fit

40

60 80 100
T pien (GeV)

Parametrized curve describes analysis efficiency
to canonical signal model at gen-level
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Validation - SS

Using simple efficiency model o

Dilepton

- CMS detector, the

95% C.L. limits are reproduced

| | | | | | ' | | |
<~~~ NLO Observed Limit
Y%

tan[3=3,A0:O,u>O

300

200

100

CMS\s=7TeV,L =35pb™

---- NLO limit (efficiency model) LEP2 |

. LEP2 %
I

)
o
x
-
I\JXO
RN B

§(800 GeV)

(650 GeV)

§(500 GeV)_|

0 100 200 300 400 500
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Model Publication - SS Dilepton

arxiv:1104.3168 ,
JHEP 1106:077 (2011) predicted background and

observed yields

[ Search Region | ee \ [T \ ey | total  [95% CLUL Yield |

clearly specified selection

¥ 2 isolated leptons, brst leptga > 20GeV, vk > 60 oo
MC 0.05 0.07 0.23 0.35
second Ieptom)T > 10GeV predicted BG 02393 | 02392 | 074+ 055| 1.2+ 0.8
observed 0 0 0 0 3.1
Ht > 200 GeV
¥ Rellscx 0.1for pr > 20GeV e o oo 010 017 0.2
and IsoSum 2GeV for pr < 20GeV predicted BG | 0.71+ 0.58 | 0.0% 32} | 0.25 937 | 0.97+ 0.74
observed 0 0 1 1 4.3
. Ht Trigger
¥ 2 reconstructed jetgr > 30 GeV Low- pr
MC 0.05 0.16 0.21 0.41
. predicted BG 0.10+ 0.07 | 0.30+ 0.13 | 0.40+ 0.18 | 0.80+ 0.31
¥ E_rl:f"33> 30GeV (eeandu“) observed 1 0 0 1 44
. el [TLNS Thlh total 95% CL UL Yield
or E-lmlss > 20GeV (el.l) I', enriched
MC 0.36 0.47 0.08 0.91
predicted BG 0.10+ 0.10 | 0.17+ 0.14| 0.02+ 0.01| 0.29+ 0.17
observed 0 0 0 0 3.4

canonical signal model o 57T, =35

~~ 500 T T T T I T T T T ' T ' T T T
. % %=Lsp 22 NLO Observed Limit [Ler2 %
L B L L L L L L L B L L > T T ]
Q 0 95 e H : 9, i ---- NLO limit (efficiency model) DLEPZ &
< = B ] N
D I CMS \s=7TeV,L =35pb™ 2o 5[ CMS \s=7TeV,L =35pb" ! ‘\ Hl\ I WL E: 400[= 4(800 Gey) Woo
R S =L o e B
Woo7p = - - st 4ty 2 1T HH\ - tanp=3,A =0,u>0 _ §
B 0.4~ AR ‘T ‘ M B 0 §(800.GeV) |
A E F o )
0.6 f, O:;:SO E J.e ] 300 ~ 4(650 Gey) .
05§ / E 0.3F 7 . -7 9650 Gev) J
0.4f :,? CMSSM LMO simulation E i

. '6(500 Gev)

5
- - "'. . § <<4 ‘)" ‘,
E —e— E 0.2 # . | e,
0.3F? ceeeee i efficiency fit . C ;s ] 200? 'A R A I

§(500 GeV) |

F —e— e B I . CMSSM LMO simulation T -
02; <--eeo- e efficiency fit E 0.1 f - o " 1 -
0.1+ — L $’° ------- v efficiency fi ] | i
OE\\‘\\\‘\\\‘\\\‘\\\‘\\\‘\\\‘\\\‘\\\‘\\\E O:ww.a."./.\www\www\www\www\: 100_1 PR RS S S S I S S S HN ST SO SO T N S ||_
20 40 60 80 100120 1409%90 180 20t 0 20 40 60 89(@)n 100 0 100 200 300 400 50C
He p; (GeV) TP, (GeV) m, (GeV)
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Reinterpreting a shape analysis

N a new BSM model

Example: 2011 Razor analysis
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Razor Variables Motivation

lab frame

If we could see the LSPs, we could

boost back by BL, Br, and Bcwm

In this frame, we would then get

Pj1| = |pj2]
00 Many missing degrees
of freedom to do this

% Javier Duarte
" Caltech
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Razor Variables Motivation

Approximate the squark rest
frame by boosting to the
frame where

pTi1| = |pRj2]

Transformed momentum
defines razor variable Mgr

Estimates the momentum in
the true squark rest frame

M21 M2
1B 1| oM,

% Javier Duarte
¢ Caltech
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Razor Variables Overview

arXiv:1202.1503
Require 2 energetic jets

2

)1

Cluster all jets into two megajets

Compute R? and Mg Mg =

&L

(Ipit] + |piz)2! (pi*+ p°)2

M e 40

0.15-"}
[} ..E .I-......-: : 20 O. .l
0.05
0

0 500 1000 1500 2000
Mg [GeV]

500

R? related to MET

Mg [GeV]

Mg peaks at characteristic

mass scale
Javier Duarte
Caltech
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Modeling the Background in 2D

> - T &
> = L. _ oy o
o B C!\_/IS Preliminary \s=7TeV| 2 By CMS Preliminary Vs =7 TeV
NI Dijet QCD control data s RN Dijet QCD control data
%102_ i RN
Li E P R 102 = ’_I_‘ . ._?_:_7_‘ N
- SRt S N 0
I~ T
L - 1T N .
N 1 .I,'_l + a N +
10 = T N N
- Lol Me>200Gev - INQ «
- E—— M > 225 GeV DSENG
- - Mg > 250 GeV iR
- M, > 275 GeV ‘ ‘ ‘ ACHRS
= T W00y TN

| | | I| i | | | | | |
0.02 0.04 0.06 0.08 0.1 0.12

f1 exp(-b Mg) f1 exp(-c R?)

Properties of integration ,
specify 2D form f ~exp(-k Mr R9)

fi (Mg, R?) = [kj (Mg — MR, )(R* — Rg;) — 1]

X exp|—kj (Mr — Mg,j ) (R — R(Z),j )]

Javier Duarte CMS
Caltech
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Razor Shape Analysis
Z O ySl (waD)

Events are classified in 6 disjoint boxes —rs
based on lepton content >
(MU-MU ) ELE-ELE

In each box, each SM
background probability density is

modeled by 1 or 2 instances of
fj (MRv RZ) — [/fj (MR — Mlg,j )(RZ — R(z),j ) — 1]

[ MU-ELE]

X exp|—kj (Mr — Mg,j )(R? — Rg,j )]

"% Javier Duarte CMS~
% Caltech 8
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Razor Shape Analysis __

Events are classified in 6 disjoint boxes 1
.MU E
based on lepton content :)

In each box, each SM
background probability density is
modeled by 1 or 2 instances of

fi (Mg, R?) = /CJ MSJ @ ROJ)_]‘]
x exp|—kj (Ma)— Mg, )(R*)— R3; )]

MU-MU ) ELE-ELE
[ MU-ELE]

Mg | |R?| event-by-event observables

"% Javier Duarte CMS~
% Caltech |
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Razor Shape Analysis

Events are classified in 6 disjoint boxes
based on lepton content

In each box, each SM
background probability density is
modeled by 1 or 2 instances of

HAD

ae
MU-MU ) ELE-ELE
[ MU-ELE]

fi (Mg, R?) = (R Ma —(Mg; ) (R —(R3;) — 1

2
Rg )

~1» Javier Duarte
.+ Galtech

X exp ‘@MR ~ Mgy (R* (5,

j indexes the SM background,
e.q. j = ttbar, W/Z+jets, etc.

fit parameters of bkgd model
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Razor Unbinned Likelihood

An unbinned, extended maximum likelihood fit is
performed in a sideband fit region, and extrapolated

IN the dataset

expl— > 1 ey Vi | - B
Lb _ p[ ZJ. SM J] H (Z ]VJ fj (MR(I)yR(%))) ||Qdexesan event
J

N
=1

N = total number of events
N; = expected yield per SM bkgd
fi = prob. density per SM bkgd.
R?y», Mry = per-event observables

<% Javier Duarte
<, ¢ Caltech
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Razor Fit Results

— 9%>7$231-32
— 2>BR-32bI$S@ABS!. 1C

© —
3 0% N I" IS0

L2 45613781 | 1-/"01#123
2 o e
& — (<D=
i

&“

e

HAD

Sum of W/Z+jets and tt+jets

(. I"#$%&

(O*+,- [#$#0&1

backgrounds described by sum of
3 PDFs of the form

Javier Duarte
Caltech

CMS\s =7 TeV

O#

o#'

HAD box | Ldt=4.7 fb™

HAD

® 233
—— 45 8,39
5 <*,-60-,
— . ¢,-0-,66=>7%6+@

AR A T R S T NN TR TR TR S NN W' |, i 1 P !
#$! #$!1% #P& #$&% #$'%

% A
HAD box SR p-vaIues¥CMS\/§=7TeV! Ldt=4.7 fo™ e
= P
e feel
0-255— SR3 SR1
500 1000 1500 2000 2500 I\;:([)E)B ev] 3500
HAD 68%range mode median observed p-value
SR1 (0, 0.7) 0.5 0.5 0 0.99
SR2 (0, 0.7) 0.5 0.5 0 0.99
SR3 (45, 86) 73 69 74 0.68
SR4 (4, 15) 9.5 10.5 20 0.12
SR5 (530, 649) 566 593 581 0.82
SR6 (886, 1142) 987 1020 897 0.10
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Sighal + Background Likelihood

An unbinned, extended likelihood for the signal
+background hypothesis is formed from the sum

exp[—Ns — i1 sm Vi A
Lsin = INQ L 1_1[ SfS(MR(|)7R(I) +.Z ]VJ'fJ'(MRi?RiZ)
| =

signal +  background

= 1150 GeV, m= 900 GeV
a—llSOGVm 750 GeV
a=11006Vm 500 GeV
; = 1150 GeV, m= 50 GeV

1000 1500
My [GeV]

2500

2000

Javier Duarte
Caltech
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Limit Setting

We use the ratio of marginal likelihoods as the test |og
statistic, evaluated on data in the signal region

I—s+b:

exp|—Ns — Zj! sw Vi A
v

W

Eér_?_z) — £5_|_b dl/b dl/s

Ns fs(Mry, Rfiy) + Z N fi (MR, R?))

i=1 j! SM

Done numerically, by varying the distributions of the
signal and background in pseudo-experiments
according to the nuisance parameter priors™

Vp bkgd fit parameters Mlg,j Rg,j etc.

Vg jet energy scale, PDFs, etc.
*More on this procedure later

Javier Duarte
Caltech
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Example Hypothesis lest

mp=240, m4, ,=500,
tan! =10, Ap=0, |1> 0

T T T B Reject signal model when
0.06 CMS Preliminary - "1 dt = 800 pb'
: CLs+b
0.05 —P( Ibonly) - (CLg = ST 0.05
0.04 —P(! |s+b) B b
= — | observed g p N
® 003 7 [ CLsp | .
00 1 | measure of incompatibility
1 |of data with s+b hypothesis
0.01 ] \_ J
q -50 0 50# 100 150 200 250 300 1 T CLb . o
cm 7 measure of incompatibility of
— S+ : :
A=log ) data with b-only hypothesis
b \ v,

Javier Duarte CMs,
Caltech 8
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2011 Razor Limits

Disquark Production
Constrained MSSM Simplified Model

CMS Preliminary \s =7 TeV %t —44fb! p# qq.q# q+!
. T | T T T | T T T | T T T | T T T .I_ :
; 1 OOO T T | T T T T | T T T T T T T T | T T T T | T T T T : | CMS Preliminary Razor Inclusive | :
(¢)) tan(&)=10 @\\ 900 @\\ . — 1 — _
(0, 00 |Ao=0cer o %, n@=2000 4 1000~ Ns=7Tev oa=a7 -5
Q 800 m, = 173.2 GeV Razor Inclu81ve _: L — observed limit (()/8r0d — %g\ILO-QCD) B )
= N Hybrid CLs 95% C L. Limits . ~ - - observed limit £ 19%(th.) a
700 500 ) .. 7 00— _ . e
Median Expected Limit 4 — n median expected limit 1
Expected Limit +1$ ] No = = expected limit + 1%(exp.) 10
600 f ot * =
....... m—— (Observed Limit 4 > 6001—
500 ‘ % ¢ IRLLLLLL Observed = 1$ (theory)  — (QD) o
‘e, I —
400 N "@=1000 5 .. | ‘
e LT LT T - E 400 e . \‘
300:_ ........-..lllllllIlll..llll:::::::::::> B “ ' \ -

- gs
1907 500 1000 1500 2000 2500 3000 .
m, [GeV] 200 400 600 800 1000 1200

m, [GeV/c?]

Javier Duarte
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Razor Binned Likelihood

Since CMS data is not public, unbinned likelihood is of limited use
Instead, one can construct an binned likelihood as the product of
many independent poisson likelihoods

£~ T / POISSOin;|s:. bi) ™ (bi|bs. #;)db,

/

Mean expected background Gamma, Gaussian, LogNormal, etc.

bin 7

count is marginalized with
0.451
your choice of prior
Had Box Observed Predicted Mode Predicted Median b+ éb 035?
bHad_ 4.3 56 64.5 64.5 64.3 + 1.4 0ab
bHad-4-4 27 23.5 23.5 22.7+ 1.1 E
bHad_5_3 30 39.5 39.5 38.6 + 1.3 0_25:
bHad 5.4 18 12.5 12.5 12.2 + 0.8 -
bHad_6_3 21 23.5 23.5 23.4+ 1.0 0.2+t
bHad. 6.4 4 7.5 7.5 6.6 —0.8 s
bHad_7_2 44 57.5 58.5 57.6+ 1.5 | PG
bHad.7.3 11 14.5 14.5 14.1 + 0.8 B R T R— 2000 75003000 3500

Mg[GeV]

Javier Duarte
Caltech
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Additional Information - Razor Analysis

arxXiv:1202.1503

twiki.cern.ch/twiki/bin/viewauth/CMSPublic/RazorlLikelihoodHow To

clearly specified selection

¥ 2, jets withpr > 60GeV, cluster all jetsr > 40, |!' | < 3.0) into megajet:
¥ R?2> 0.18,My > 400GeV (Had)

¥ Tight electron pr > 20,|! | < 2.5), Loose electrongr > 10,|! | < 2.5)

¥ Tight muon fr > 15/|!| < 2.1), Loose muonggr > 10,|!| < 2.1)

¥ MuEle: one Tight electron, one Tight muon ¥ Mu: one Tight muon

¥ MuMu: one Tight muon, one Loose muon ¥ Ele: one Tight electron

¥ EleEle: one Tight electron, one Loose electroh Had: all other events

sel. efficiencies for CMSSM

cMsSM tan=10 HAD Box

LU ELEE PO PO R T |
LT T e TP e PP T

700; MH |“ 1] T LTI TR TR g

600F
500F

40015

M, , [GeV]

300

200F

£(m) _

s+b

Signal Region Efficiency (%)

100

0

500 1000
M, [GeV]

Javier Duarte
Caltech

1500 2000

predicted background
and observed yields

Had Box Observed Predicted Mode Predicted Median b+ éb
bHad_ 4.3 56 64.5 64.5 64.3+ 1.4
bHad-4-4 27 23.5 23.5 22.7+ 1.1
bHad_ 5.3 30 39.5 39.5 38.6 + 1.3
bHad-5-4 18 12.5 12.5 12.2 + 0.8
bHad_6_3 21 23.5 23.5 23.4+ 1.0
bHad. 6.4 4 7.5 7.5 6.6 —0.8
bHad_7_2 44 57.5 58.5 57.6 +1.5
bHad.7.3 11 14.5 14.5 14.1 + 0.8
bHad_7_4 1 3.5 3.5 3.3 =-0.8
bHad. 8.2 50 64.5 64.5 63.5+ 1.5
bHad_8_3 18 14.5 14.5 13.9+ 0.9
bHad. 8.4 4 3.5 3.5 3.0 =0.7
bHad-9-2 18 29.5 29.5 28. 7+ 1.1
bHad_ 9.3 4 5.5 5.5 5.0=0.7
bHad-9-4 2 1.5 1.5 0.7 = 0.7
bHad_10.2 8 13.5 13.5 13.1 + 0.9
bHad-10-3 2 2.5 2.5 1.7 = 0.8
bHad_10_4 Q0 0.5 0.5 0.3 —0.3

marginal binned
ikelihood function

/POiSSO'@’ni‘Si, bz) ! (bz‘gz, #bz)dbz
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https://twiki.cern.ch/twiki/bin/viewauth/CMSPublic/RazorLikelihoodHowTo
https://twiki.cern.ch/twiki/bin/viewauth/CMSPublic/RazorLikelihoodHowTo

Validation and Combination of
Razor Binned Likelihood

arX|V 12060264 Measurement Mean or Range|Exp. Error |Th. Error |Likelihood Distribution |Ref.
1000k o et T T ICMS razor 4.4/ fb analysis|See text See text |0 Poisson [2]
1 SM-like Higgs massm 125 2 2 Gaussian [8, 9, 44]
- BayesFIT32012" | "7 " lo1120 0.0056 |10%  |Gaussian [46]
L 1 [sin? fe 0.23116 0.00013 |0.00015 |Gaussian [47]
" Mw 80.399 0.023 0.015 Gaussian [47]
- CI\/|S$S|\/|,! $0 Likeihood 1 [8@gf 237° 10 28.7 8.0 1.0 Gaussian [47, 48]
- tant$ 3, 0 odl 4 |BR B# X¢y " 10° 3.60 0.23 0.21 Gaussian [47]
800 AO Ra20r4.4fb BR(B.# 7v)"1 1.66 0.66 0.38 Gaussian [49]
_ i 1" Mg, " 17.77 0.12 2.40 Gaussian [47]
> L — 68.3% CL 1 |BR !BBS # utu <45" 10° |0 14% Upper limit B Error Fn | [23]
- — 05.0& CL| -
q) 600 L _ BayesFITS (2012)
(D - 997%( CL LHC (5/1b)+m, =125 GeV
— i 7 Posterior pdf LRy 121 Gev
\ CMSSM, 1 >0
ﬁ i - CMS R&ZOI’Q% CL i 1.0p Log Prior/;
= * ---- ATLAS 4.7f0"95& CLT - | m ,
& 400 2 Ty 125/GeV very unlikely
L \ 1 Qv .
k \ | 3 in CMSSM
N ALY oA M A ] 5_06
200 2
- . O 0.4}
)
L I I I | I I I I | I I I I | I I I I L] o
1000 2000 3000 400(C 0.2
1
My !GeV N
900 1125 1150 1175 1200 1225 125.0
m,, (GeV)
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Reinterpretation for light stops

arXiv:1212.6847

Search for right-handed stop with

Jm,, = 2008400 Ge\

Motivated by LHC data and flavor constraints, RG
equations, and thermal abundance for DM

Neutralinomassn GeV

Generated pair-produced stops with
Pythia 8, clustered into jets with FastJet

15 | '!bN.

Applied lepton efficiencies
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.
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from SS Dilepton

CMS Simulation, Vs =7 TeV

JHEP 1208, 110 (2012) ]
arXiv:1205.3933 -

B /A{ < —
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o
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P(!) =

Lighteststopmassin GeV

Derived posterior probability on
cross section from likelihood

' ' " \na' b LI
db d"(b+ L!")e
0

n!

Ln("[% #) Ln(bl8,#)
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arXiv:1206.0264

2.0

solid: 1o region _

BayesFITS combination of Razor
with Higgs, Bs! py, etc. to derive

BayesFITS (2012)

-
VN -

S | % Bestfit
® Posterior mean

posterior probabilities in CMSSM G
Reinterp. for very light stops* | o '
Reinterp. for light stops,
. .+ : :
Mg < My + My ~ degen. with neutralino
m- 1GeV'
300; arXiv:1212.6856 o 477
250 ,
200 . . 300
150 ;o -
100" S s
: CMSRazor4.4fb#1 E , .
50 CMSRazor4.7fb"! g ploess )
i e 1Ge V! 100 o/wénalys‘lé'/// /\:/ \'\
150 200 250 300 g N
m. |GeV' y R
*Used a coarser binned likelihood ED 2°°'Li:jfestsffina:j:Gej"o“5"' ks
Javier Duarte i,
Caltech |
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New
Example: Search for contact

INnteractions In jet pr spectrum

<% Javier Duarte CMs
<, ¢ Caltech |
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Contact Interactions

New quark-gluon physics at a high
mass scale /\

<Z effective 4-fermion interaction Reparametrize
_ 2 ’ $ = 1/1°
L= —(q#"q.)(qL#,00)

/\

destruchve constructive

a= agut 9 ac

cross section proportional to 0 = "
- = Gtk +
squared amplitude <Z 7R Ck K $ A $
1 QLo C” )
"§. Javier Duarte s,

. Caltech
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Statistical Model

. 20 CMS Simulation __ L?Sfb'l Is=7 Te\.L{
Analytic model of the signal for any $ g [
_ pT P2 A pT P4 )\ 5 15? el = 5 TeV ,," i
P>+ P1 (100 GeV) (1TeV2> \ b3 (100 GeV) (1TeV2> go ---1 = 8Tev 1", _+_
DZ' 10 —! =12mev ;_;" | ’
w = P1, P2, P3, P4 parameters are estimated ¢ ;o #
in a simultaneous fit TS
. P . . I AT S L L
Data: no significant deviations O o0 1500 2000
R cmMs ‘L‘=‘5ft‘)'1‘\Fs‘=‘7'l"e\:/ JetpT(GeV)
FE 103:— Il <0.5 e Data 4 . . . )
s | —aco Multinomial Dist. Model
S 10- o NI K 7o\ N
DN, w) = ' .
% P(DIAw) N1!---NK!U(0
10'1§ = ]_1
s = 0se7 T Data are the counts in N N
o Holod. 1500 2000 each PT ollp Lo 9K
JetpT(GeV) J
Javier Duarte CMs,
Caltech |




Handling Nuisances

Likelihood is marginalized discretely by creating ensemble
of correlated background and signal spectra, in which
parameters vary randomly

CMS T T I T T I_\ = \5 fl‘)-l T V7S\ = \7 -I\-eV

w

( jetenergy scale g | C o
jet energy resolution g 1 2
PDFs *
renormalization scale R
_factorization scale ; P(Ks)z;mj T
Refit resulting distributions 500 times, oL JF 3
arrive at a discrete approximation of e (S0
marginal model o(D[A) = / o(D|A, w) 71(w) daw,
1 M
~ — " p(Dl)\,wm),
M m=1

Javier Duarte CMs,

Caltech
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Results

_ & gl _ =5fb’ =
AO_]_CI\/IISI _ _ L.‘.5ft|) I\Fsl—l7'll'ev ,\O.1CMSI _ | L.‘.5ft|) I\Fsl_l7'll'ev
= <
a) ---- stats. only Q ---- stats. only
o o
— all uncert. — all uncert.
0.05f ! - 0.05F .. -
) destructive S constructive
interference interference
O — 0 i e
0 0.005 0.01 0.015 0 0.005 0.01 0.015
A =A% (TeV?)

" =1 (TeV?)

A)

Set 95% lower limits of 9.9 TeV (p(X

(destructive) and 14.3 TeV (constructive) ! 2log
using ratio of marginal model and CLs
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Summary and Outlook
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Summary and Outlook

¥ CMS BSM searches use a variety of likelihoods and
handle nuisances / compute limits in different ways

¥ Bayesian (Marginalize), Frequentist (Profile), Hybrid

¥ Several analyses provide public likelihoods and details
for generator-level study of your own BSM model

¥ Even in cases where full model are not provided, one
can derive an approximate likelihood

¥ Working to provide public likelihoods in future CMS
BSM analyses

¥ Razor Analysis will provide full details and code to
implement binned likelihood in python

Javier Duarte CMs,

Caltech
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