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Errata
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“Bayesians address the question everyone is 
interested in, by using assumptions no-one 
believes”

“Frequentists use impeccable logic to deal 
with an issue of no interest to anyone”

I first heard this joke from Louis Lyons:

I wanted to attribute the quote to the Genius that 
coined the phrase (as you can tell, I like it quite a bit)

... so I Googled for it about a year ago
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Some Google searches...

Sorry Louis, it was an honest mistake

P.S. Don’t trust everything you find on the web!
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Errata
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“Bayesians address the question everyone is 
interested in, by using assumptions no-one 
believes”

“Frequentists use impeccable logic to deal 
with an issue of no interest to anyone”

-L. Lyons
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Outline
Lecture 3:

! Compound hypotheses, nuisance parameters, & similar tests

! The Neyman-Construction (illustrated)

! Inverted hypothesis tests: A dictionary for limits (intervals)

! Coverage as a calibration for our statistical device

! The likelihood principle, and the logic for likelihood-based methods

Lecture 4:

! Systematics, Systematics, Systematics

! Generalizing our procedures to include systematics

! Eliminating nuisance parameters: profiling and marginalization

! Introduction to ancillary statistics & conditioning

! High dimensional models, Markov Chain Monte Carlo, and Hierarchical Bayes

! The look elsewhere e"ect and false discovery rate
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Lecture 4

141

Thursday, February 5, 2009



Kyle Cranmer (NYU) CERN Academic Training, Feb 2-5, 2009

For every point   , if it were true, the data would fall in its 
acceptance region with probability  

If the data fell in that region, the point   would be in the 
interval

So the interval            covers the true value with probability 

A restatement of the construction
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Examples of Likelihood Analysis
In these examples, a model that relates precision electroweak observables 
to parameters of the Standard Model was used

! the inference is based only on the likelihood function for data at hand

# there is no prior, so it’s not Bayesian.  Not a Neyman Construction.

# what is the meaning of this contour if it’s not the Neyman Construction?

143

80.3

80.4

80.5

150 175 200

mH [GeV]
114 300 1000

mt  [GeV]

m
W

  [
G

eV
]

68% CL

∆α

LEP1 and SLD
LEP2 and Tevatron (prel.)

0

1

2

3

4

5

6

10030 300

mH [GeV]

∆χ
2

Excluded Preliminary

∆αhad =∆α(5)

0.02758±0.00035
0.02749±0.00012
incl. low Q2 data

Theory uncertainty
mLimit = 144 GeV

Thursday, February 5, 2009



Kyle Cranmer (NYU) CERN Academic Training, Feb 2-5, 2009

Likelihood-based methods settle between two conflicting desires:

! We want to obey the likelihood principle because it implies a lot 
of nice things and sounds pretty attractive

! We want nice frequentist properties (and the only way we know 
to incorporate those properties “by construction” will violate the 
likelihood principle)

Logic of Likelihood-based Methods

144
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If we had a way to 
approximately get the 
distribution of our test statistic 
for every value of    based only 
on the likelihood function (and 
no prior) then we would have a 
workable solution!

There is a way to get 
approximate frequentist 
results.  It’s the basis of 
MINUIT/MINOS.  Next Time!
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Wilks’s theorem

Wilks’s theorem says that asymptotically the distribution of  

approaches a chi-square distribution, with the number of 
degrees of freedom equal to the number of parameters of 
interest
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It does not assume that 
the pdf is Gaussian!

It is true for every value of 

eg. “distribution free”
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Demonstration of Central Limit Theorem

The basic reason it works is due to an asymptotic limit

! the central limit theorem comes into play
! note: convolution based on additive test statistics:.. eg. log likelihood

146
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! the central limit theorem comes into play
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Likelihood-based Intervals

Wilks’s theorem tells us how the 
profile likelihood ratio is distributed

! asymptotically and with some 
restrictions on the parametrized 
family of models, which we will 
come back to later.

So we don’t really need to go to the 
trouble to build its distribution by 
using Toy Monte Carlo or fancy 
tricks with Fourier Transforms
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Likelihood-based Intervals

Wilks’s theorem tells us how the 
profile likelihood ratio is distributed

! asymptotically and with some 
restrictions on the parametrized 
family of models, which we will 
come back to later.

So we don’t really need to go to the 
trouble to build its distribution by 
using Toy Monte Carlo or fancy 
tricks with Fourier Transforms

We can go immediately to the cuto" 
value of the profile likelihood ratio

148

−2 log λ(θ)

f
(−

2
lo

g
λ
(θ

)|θ
)

θ

−2 log λ(θ) ∼ χ2
n

Thursday, February 5, 2009



Kyle Cranmer (NYU) CERN Academic Training, Feb 2-5, 2009

Likelihood-based Intervals
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Likelihood-based Intervals
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And typically we only show the 
likelihood curve and don’t even 
bother with the implicit 
(asymptotic) distribution
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Likelihood-based Intervals
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Likelihood-Ratio Interval example

68% C.L. likelihood-ratio interval 

for Poisson process with n=3 

observed:

!"(µ) = µ3 exp(-µ)/3!

Maximum at µ = 3.

Bob Cousins, CMS, 2008 35

∆2ln! = 12 for approximate ±1 

Gaussian standard deviation  

yields interval [1.58, 5.08]

!"#$%&'(%)*'+,'-)$."/.0'''''''''''''

1*,'2,'345.,'67'789':;88<=

And typically we only show the 
likelihood curve and don’t even 
bother with the implicit 
(asymptotic) distribution
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Systematics, Systematics, Systematics
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Classification of Systematic Uncertainties

Taken from Pekka Sinervo’s PhyStat 2003 contribution

Type I - “The Good”

! can be constrained by other sideband/auxiliary/ancillary 
measurements and can be treated as statistical uncertainties

# scale with luminosity

151
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Classification of Systematic Uncertainties

Taken from Pekka Sinervo’s PhyStat 2003 contribution

Type I - “The Good”

! can be constrained by other sideband/auxiliary/ancillary 
measurements and can be treated as statistical uncertainties

# scale with luminosity

Type II - “The Bad”

! arise from model assumptions in the measurement or from 
poorly understood features in data or analysis technique

# don’t necessarily scale with luminosity

# eg: “shape” systematics
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Classification of Systematic Uncertainties

Taken from Pekka Sinervo’s PhyStat 2003 contribution

Type I - “The Good”

! can be constrained by other sideband/auxiliary/ancillary 
measurements and can be treated as statistical uncertainties

# scale with luminosity

Type II - “The Bad”

! arise from model assumptions in the measurement or from 
poorly understood features in data or analysis technique

# don’t necessarily scale with luminosity

# eg: “shape” systematics

Type III - “The Ugly”

! arise from uncertainties in underlying theoretical paradigm 
used to make inference using the data

# a somewhat philosophical issue
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A Prototype Problem

What is significance Z of an observation x=178 events in a 
signal like region, if my expected background b=100 with a 
10% uncertainty?

152
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A Prototype Problem

What is significance Z of an observation x=178 events in a 
signal like region, if my expected background b=100 with a 
10% uncertainty?

The question seems simple enough, but it is not actually 
well-posed

! what do I mean by 10% background uncertainty?
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A Prototype Problem

What is significance Z of an observation x=178 events in a 
signal like region, if my expected background b=100 with a 
10% uncertainty?

The question seems simple enough, but it is not actually 
well-posed

! what do I mean by 10% background uncertainty?

Typically, we consider an auxiliary measurement y used to 
estimate background (Type I systematic)

! eg: a sideband counting experiment where background 
in sideband is a factor    bigger than in signal region

152
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Figure 3. The signal-like region and sideband for H → γγ in
which τ is correlated to b via the model parameter a.

the likelihood function that provides the connection
between the nuisance parameter(s) and the auxiliary
measurements.

The most common choices for the likelihood of
the auxiliary measurement are L(y|b) = Pois(y|τb)
and L(y|b) = G(y|τb, σy), where τ is a constant that
specifies the ratio of the number of events one expects
in the sideband region to the number expected in the
signal-like region.d

A constant τ is appropriate when one simply
counts the number of events y in an “off-source” mea-
surement. In a more typical case, one uses the distri-
bution of some other variable, call it m, to estimate
the number of background events inside a range of
m (see Fig. 3). In special cases the ratio τ is inde-
pendent of the model parameters. However, in many
cases (e.g. f(m) ∝ e−am), the ratio τ depends on the
model parameters. Moreover, sometimes the side-
band is contaminated with signal events, thus the
background and signal estimates can be correlated.
These complications are not a problem as long as
they are incorporated into the likelihood.

The number of nuisance parameters and aux-
iliary measurements can grow quite large. For in-
stance, the standard practice at BaB̄ar is to form
very large likelihood functions that incorporate ev-
erything from the parameters of the unitarity tri-
angle to branching fractions and detector response.
These likelihoods are typically factorized into multi-

dNote that Linnemann19 used α = 1/τ instead, but in this
paper α is reserved for the rate of Type I error.

ple pieces, which are studied independently at first
and later combined to assess correlations. The fac-
torization of the likelihood and the number of nui-
sance parameters included impact the difficulty of
implementing the various scenarios considered below.

3 Practical and Toy Examples

In this Section, a few practical and toy examples are
introduced. The toy examples are meant to provide
simple scenarios where results for different methods
can be easily obtained in order to expedite their com-
parison. The practical examples are meant to ex-
clude methods that provide nice solutions to the toy
examples, but do not generalize to the realistic situ-
ation.

3.1 The Canonical Example

Consider a number-counting experiment that mea-
sures x events in the signal-like region and y events
in some sideband. For a given background rate b in
the signal-like region, say one can expect τb events
in the sideband. Additionally, let the rate of signal
events in the signal-like regions – the parameter of in-
terest – be denoted µ. The corresponding likelihood
function is

LP (x, y|µ, b) = Pois(x|µ + b) · Pois(y|τb). (14)

This is the same case that was considered in
Refs. 20,22,23,24 for x, y = O(10) and α = 5%.
For LHC searches, we will be more interested in
x, y = O(100) and α = 2.85 · 10−7. Furthermore, the
auxiliary measurement will rarely be a pure number
counting sideband measurement, but instead the re-
sult of some fit. So let us also consider the likelihood
function

LG(x, y|µ, b) = Pois(x|µ + b) · G(y|τb,
√

τb). (15)

As a concrete example in the remaining sections,
let us consider the case b = 100 and τ = 1. Opera-
tionally, one would measure y and then find the value
xcrit(y) necessary for discovery. In the language of
confidence intervals, xcrit(y) is the value of x nec-
essary for the 100(1 − α)% confidence interval in µ
to exclude µ0 = 0. In Sec. 4 we check the coverage
(Type I error or false-discovery rate) for both LP and
LG.

Linnemann reviewed thirteen methods and
eleven published examples of this scenario.19 Of the
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Figure 6. The profile likelihood ratio −2 lnλ versus the signal
strength µ for y = 100, τ = 1, and x = xcrit(y) = 185.

number of parameters of interest. In our example
k = 1, so a 5σ confidence interval is defined by the
set of µ with −2 lnλ(µ|x, y) < 25. Figure 6 shows
the graph of −2 lnλ(µ|x, y) for y = 100 at the criti-
cal value of x for a 5σ discovery.

At PhyStat2003, Nancy Reid presented var-
ious adjustments and improvements to the pro-
file likelihood which speed asymptotic convergence
properties.30 Cousins considers these methods in
more detail from a physicist perspective.20

Only recently was it generally appreciated that
the method of Minuit31 commonly used in HEP
corresponds to the profile likelihood intervals. The
coverage of these methods is not guaranteed, but has
been studied in simple cases.23,24 These likelihood-
based techniques are quite promising for searches at
the LHC, but their coverage properties must be as-
sessed in the more complicated context of the LHC
with weighted events and several channels. In par-
ticular, the distribution of q in Eq. 10 is often highly
non-Gaussian.

4.3 The Neyman Construction with Systematics

Linnemann’s preferred method, ZBi, is related to the
familiar result on the ratio of Poisson means.32 Un-
fortunately, the form of ZBi is tightly coupled to the
form of Eq. 14, and can not be directly applied to
the more complicated cases described above. How-
ever, the standard result on the ratio of Poisson

means32 and Cousins’ improvement33 are actually
special cases of the Neyman construction with nui-
sance parameters (with and without conditioning, re-
spectively).

Of course, the Neyman construction does gener-
alize to the more complicated cases discussed above.
Two particular types of constructions have been pre-
sented, both of which are related to the profile like-
lihood ratio discussed in Kendall’s chapter on likeli-
hood ratio tests & test efficiency.34 This relationship
often leads to confusion with the profile likelihood in-
tervals discussed in Sec. 4.2.

The first method is a full Neyman construction
over both the parameters of interest and the nui-
sance parameters, using the profile likelihood ratio
as an ordering rule. Using this method, the nuisance
parameter is “projected out”, leaving only an inter-
val in the parameters of interest. I presented this
method at PhyStat2003 in the context of hypothesis
testing,f and similar work was presented by Punzi
at this conference.22,35 This method provides cov-
erage by construction, independent of the ordering
rule used.

The motivation for using the profile likelihood
ratio as a test statistic is twofold. First, it is inspired
by the Neyman-Pearson lemma in the same way as
the Feldman-Cousins ordering rule. Secondly, it is
independent of the nuisance parameters; providing
some hope of obtaining similar tests.g Both Punzi
and myself found a need to perform some “clipping”
to the acceptance regions to protect from irrelevant
values of the nuisance parameters spoiling the pro-
jection. For this technique to be broadly applica-
ble, some generalization of this clipping procedure is
needed and the scalability with the number of pa-
rameters must be addressed.h

The second method, presented by Feldman at
the Fermilab conference in 2000, involves a Ney-
man construction over the parameters of interest, but
the nuisance parameters are fixed to the conditional
maximum likelihood estimate: a method I will call
the profile construction. The profile construction is

f In simple hypothesis testing µ is not a continuous parameter,
but only takes on the values µ0 = 0 or µ1 = s.
gSimilar tests are those in which the critical regions of size α
are independent of the nuisance parameters. Similar tests do
not exist in general.
hA Monte Carlo sampling of the nuisance parameter space
could be used to curb the curse of dimensionality.22
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Example Sideband Measurement

Sideband measurement used to 
extrapolate / interpolate the 
background rate in signal-like 
region

For now ignore uncertainty in 
extrapolation.

By treating main and sideband 
measurement together, one can 
convert a systematic error into 
a statistical one!
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the likelihood function that provides the connection
between the nuisance parameter(s) and the auxiliary
measurements.

The most common choices for the likelihood of
the auxiliary measurement are L(y|b) = Pois(y|τb)
and L(y|b) = G(y|τb, σy), where τ is a constant that
specifies the ratio of the number of events one expects
in the sideband region to the number expected in the
signal-like region.d

A constant τ is appropriate when one simply
counts the number of events y in an “off-source” mea-
surement. In a more typical case, one uses the distri-
bution of some other variable, call it m, to estimate
the number of background events inside a range of
m (see Fig. 3). In special cases the ratio τ is inde-
pendent of the model parameters. However, in many
cases (e.g. f(m) ∝ e−am), the ratio τ depends on the
model parameters. Moreover, sometimes the side-
band is contaminated with signal events, thus the
background and signal estimates can be correlated.
These complications are not a problem as long as
they are incorporated into the likelihood.

The number of nuisance parameters and aux-
iliary measurements can grow quite large. For in-
stance, the standard practice at BaB̄ar is to form
very large likelihood functions that incorporate ev-
erything from the parameters of the unitarity tri-
angle to branching fractions and detector response.
These likelihoods are typically factorized into multi-

dNote that Linnemann19 used α = 1/τ instead, but in this
paper α is reserved for the rate of Type I error.

ple pieces, which are studied independently at first
and later combined to assess correlations. The fac-
torization of the likelihood and the number of nui-
sance parameters included impact the difficulty of
implementing the various scenarios considered below.

3 Practical and Toy Examples

In this Section, a few practical and toy examples are
introduced. The toy examples are meant to provide
simple scenarios where results for different methods
can be easily obtained in order to expedite their com-
parison. The practical examples are meant to ex-
clude methods that provide nice solutions to the toy
examples, but do not generalize to the realistic situ-
ation.

3.1 The Canonical Example

Consider a number-counting experiment that mea-
sures x events in the signal-like region and y events
in some sideband. For a given background rate b in
the signal-like region, say one can expect τb events
in the sideband. Additionally, let the rate of signal
events in the signal-like regions – the parameter of in-
terest – be denoted µ. The corresponding likelihood
function is

LP (x, y|µ, b) = Pois(x|µ + b) · Pois(y|τb). (14)

This is the same case that was considered in
Refs. 20,22,23,24 for x, y = O(10) and α = 5%.
For LHC searches, we will be more interested in
x, y = O(100) and α = 2.85 · 10−7. Furthermore, the
auxiliary measurement will rarely be a pure number
counting sideband measurement, but instead the re-
sult of some fit. So let us also consider the likelihood
function

LG(x, y|µ, b) = Pois(x|µ + b) · G(y|τb,
√

τb). (15)

As a concrete example in the remaining sections,
let us consider the case b = 100 and τ = 1. Opera-
tionally, one would measure y and then find the value
xcrit(y) necessary for discovery. In the language of
confidence intervals, xcrit(y) is the value of x nec-
essary for the 100(1 − α)% confidence interval in µ
to exclude µ0 = 0. In Sec. 4 we check the coverage
(Type I error or false-discovery rate) for both LP and
LG.

Linnemann reviewed thirteen methods and
eleven published examples of this scenario.19 Of the
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Technical Design Report 25 May 1999

680 19   Higgs Bosons

For an integrated luminosity of 100 fb!1, a Standard Model Higgs boson in the mass range be-
tween 105 GeV and 145 GeV can be observed with a significance of more than 5" by using the
H# $$ channel alone. Table 19-2 also contains the estimated significances of the H# $$ channel
for an integrated luminosity of 30 fb-1, corresponding to the first three years of LHC operation.
The significances at low luminosity have been evaluated by taking the resulting improvements
in mass resolution and background rejection into account. A signal in the $$ channel can only be
seen in this case with a significance of % 4" over a narrow mass range between 120 and 130 GeV.

The significances quoted in Table 19-2 are slightly higher than the ones given in the Technical
Proposal. The main reason for this is the removal of the so called pT-balance cut, which was ap-
plied in order to suppress bremsstrahlung background. Although without this cut the back-
ground increases, there is a net gain in the significance. Another reason is the slightly improved
mass resolution which is mainly due to a more sophisticated photon energy reconstruction, sep-
arating converted and non-converted photons. These gains are somewhat offset by the higher
reducible background.

As an example of signal reconstruction above background, Figure 19-4 shows the expected sig-
nal from a Higgs boson with mH = 120 GeV for an integrated luminosity of 100 fb-1. The H# $$

signal is clearly visible above the smooth $$ background, which is dominated by the irreducible
continuum of real photon pairs.

19.2.2.2 Associated production:WH, ZH and ttH

The production of the Higgs boson in association with aW or a Z boson or with a tt pair can also
be used to search for a low-mass Higgs boson. The production cross-section for the associated
production is almost a factor 50 lower than for the direct production, leading to much smaller
signal rates. If the associated W/Z boson or one of the top quarks is required to decay leptoni-
cally, thereby leading to final states containing one isolated lepton and two isolated photons, the
signal-to-background ratio can nevertheless be substantially improved with respect to the direct
production. In addition, the vertex position can be unambiguously determined by the lepton
charged track, resulting in better mass resolution at high luminosity than for the case of direct
H# $$ production.

Figure 19-4 Expected H # $$ signal for mH = 120 GeV and for an integrated luminosity of 100 fb-1. The signal

is shown on top of the irreducible background (left) and after subtraction of this background (right).
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Incorporating systematics by smearing
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Incorporating systematics by smearing
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Essentially, any method that incorporates systematics by integration is Bayesian.

Note, the term “Cousins-Highland” for this technique has grown well beyond it’s 
original usage.  Better to call it a Bayes-Frequentist Hybrid.   In literature 
sometimes called the “Prior Predictive Method” or sometimes denoted ZN
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Coverage as calibration

This prototype problem has been 
studied extensively.

! instead of arguing about the merits of 
various methods, just go and check 
their coverage properties

! Results indicated large discrepancy in 
“claimed” coverage and “true” 
coverage for various methods

! eg. 5sigma is realy ~4sigma for some.

Reinforces idea of coverage as a 
calibration of our statistical appratus
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Figure 3. The signal-like region and sideband for H → γγ in
which τ is correlated to b via the model parameter a.

the likelihood function that provides the connection
between the nuisance parameter(s) and the auxiliary
measurements.

The most common choices for the likelihood of
the auxiliary measurement are L(y|b) = Pois(y|τb)
and L(y|b) = G(y|τb, σy), where τ is a constant that
specifies the ratio of the number of events one expects
in the sideband region to the number expected in the
signal-like region.d

A constant τ is appropriate when one simply
counts the number of events y in an “off-source” mea-
surement. In a more typical case, one uses the distri-
bution of some other variable, call it m, to estimate
the number of background events inside a range of
m (see Fig. 3). In special cases the ratio τ is inde-
pendent of the model parameters. However, in many
cases (e.g. f(m) ∝ e−am), the ratio τ depends on the
model parameters. Moreover, sometimes the side-
band is contaminated with signal events, thus the
background and signal estimates can be correlated.
These complications are not a problem as long as
they are incorporated into the likelihood.

The number of nuisance parameters and aux-
iliary measurements can grow quite large. For in-
stance, the standard practice at BaB̄ar is to form
very large likelihood functions that incorporate ev-
erything from the parameters of the unitarity tri-
angle to branching fractions and detector response.
These likelihoods are typically factorized into multi-

dNote that Linnemann19 used α = 1/τ instead, but in this
paper α is reserved for the rate of Type I error.

ple pieces, which are studied independently at first
and later combined to assess correlations. The fac-
torization of the likelihood and the number of nui-
sance parameters included impact the difficulty of
implementing the various scenarios considered below.

3 Practical and Toy Examples

In this Section, a few practical and toy examples are
introduced. The toy examples are meant to provide
simple scenarios where results for different methods
can be easily obtained in order to expedite their com-
parison. The practical examples are meant to ex-
clude methods that provide nice solutions to the toy
examples, but do not generalize to the realistic situ-
ation.

3.1 The Canonical Example

Consider a number-counting experiment that mea-
sures x events in the signal-like region and y events
in some sideband. For a given background rate b in
the signal-like region, say one can expect τb events
in the sideband. Additionally, let the rate of signal
events in the signal-like regions – the parameter of in-
terest – be denoted µ. The corresponding likelihood
function is

LP (x, y|µ, b) = Pois(x|µ + b) · Pois(y|τb). (14)

This is the same case that was considered in
Refs. 20,22,23,24 for x, y = O(10) and α = 5%.
For LHC searches, we will be more interested in
x, y = O(100) and α = 2.85 · 10−7. Furthermore, the
auxiliary measurement will rarely be a pure number
counting sideband measurement, but instead the re-
sult of some fit. So let us also consider the likelihood
function

LG(x, y|µ, b) = Pois(x|µ + b) · G(y|τb,
√

τb). (15)

As a concrete example in the remaining sections,
let us consider the case b = 100 and τ = 1. Opera-
tionally, one would measure y and then find the value
xcrit(y) necessary for discovery. In the language of
confidence intervals, xcrit(y) is the value of x nec-
essary for the 100(1 − α)% confidence interval in µ
to exclude µ0 = 0. In Sec. 4 we check the coverage
(Type I error or false-discovery rate) for both LP and
LG.

Linnemann reviewed thirteen methods and
eleven published examples of this scenario.19 Of the

10

an approximation of the full construction, that does
not necessarily cover. To the extent that the use of
the profile likelihood ratio as a test statistic provides
similar tests, the profile construction has good cover-
age properties. The main motivation for the profile
construction is that it scales well with the number of
nuisance parameters and that the “clipping” is built
in (only one value of the nuisance parameters is con-
sidered).

It appears that the chooz experiment actually
performed both the full construction (called “FC cor-
rect syst.”) and the profile construction (called “FC
profile”) in order to compare with the strong confi-
dence technique.36

Another perceived problem with the full con-
struction is that bad over-coverage can result from
the projection onto the parameters of interest. It
should be made very clear that the coverage proba-
bility is a function of both the parameters of interest
and the nuisance parameters. If the data are con-
sistent with the null hypothesis for any value of the
nuisance parameters, then one should probably not
reject it. This argument is stronger for nuisance pa-
rameters directly related to the background hypoth-
esis, and less strong for those that account for instru-
mentation effects. In fact, there is a family of meth-
ods that lie between the full construction and the
profile construction. Perhaps we should pursue a hy-
brid approach in which the construction is formed for
those parameters directly linked to the background
hypothesis, the additional nuisance parameters take
on their profile values, and the final interval is pro-
jected onto the parameters of interest.

5 Results with the Canonical Example

Consider the case btrue = 100, τ = 1 (i.e. 10% sys-
tematic uncertainty). For each of the methods we
find the critical boundary, xcrit(y), which is neces-
sary to reject the null hypothesis µ0 = 0 at 5σ when
y is measured in the auxiliary measurement. Figure 7
shows the contours of LG, from Eq. 15, and the criti-
cal boundary for several methods. The far left curve
shows the simple s/

√
b curve neglecting systematics.

The far right curve shows a critical region with the
correct coverage. With the exception of the profile
likelihood, λP , all of the other methods lie between
these two curves (ie. all of them under-cover). The
rate of Type I error for these methods was evaluated

contours for btrue=100, critical regions for ! = 1
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Figure 7. A comparison of the various methods critical bound-
ary xcrit(y) (see text). The concentric ovals represent con-
tours of LG from Eq. 15.

for LG and LP and presented in Table 2.
The result of the full Neyman construction and

the profile construction are not presented. The full
Neyman construction covers by construction, and
it was previously demonstrated for a similar case
(b = 100, τ = 4) that the profile construction gives
similar results.22 Furthermore, if the λP were used
as an ordering rule in the full construction, the criti-
cal region for b = 100 would be identical to the curve
labeled “λP profile” (since λP actually covers).

It should be noted that if one knows the likeli-
hood is given by LG(x, y|µ, b), then one should use
the corresponding profile likelihood ratio, λG(x, y|µ),
for the hypothesis test. However, knowledge of the
correct likelihood is not always available (Sinervo’s
Class II systematic), so it is informative to check
the coverage of tests based on both λG(x, y|µ) and
λP (x, y|µ) by generating Monte Carlo according to
LG(x, y|µ, b) and LP (x, y|µ, b). In a similar way, this
decoupling of true likelihood and the assumed likeli-
hood (used to find the critical region) can break the
“guaranteed” coverage of the Neyman construction.

It is quite significant that the ZN method under-
covers, since it is so commonly used in HEP. The de-
gree to which the method under-covers depends on
the truncation of the Gaussian posterior P (b|y). Lin-
nemann’s table also shows significant under-coverage
(over estimate of the significance Z). In order to ob-
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! instead of arguing about the merits of 
various methods, just go and check 
their coverage properties

! Results indicated large discrepancy in 
“claimed” coverage and “true” 
coverage for various methods

! eg. 5sigma is realy ~4sigma for some.

Reinforces idea of coverage as a 
calibration of our statistical appratus
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Figure 3. The signal-like region and sideband for H → γγ in
which τ is correlated to b via the model parameter a.

the likelihood function that provides the connection
between the nuisance parameter(s) and the auxiliary
measurements.

The most common choices for the likelihood of
the auxiliary measurement are L(y|b) = Pois(y|τb)
and L(y|b) = G(y|τb, σy), where τ is a constant that
specifies the ratio of the number of events one expects
in the sideband region to the number expected in the
signal-like region.d

A constant τ is appropriate when one simply
counts the number of events y in an “off-source” mea-
surement. In a more typical case, one uses the distri-
bution of some other variable, call it m, to estimate
the number of background events inside a range of
m (see Fig. 3). In special cases the ratio τ is inde-
pendent of the model parameters. However, in many
cases (e.g. f(m) ∝ e−am), the ratio τ depends on the
model parameters. Moreover, sometimes the side-
band is contaminated with signal events, thus the
background and signal estimates can be correlated.
These complications are not a problem as long as
they are incorporated into the likelihood.

The number of nuisance parameters and aux-
iliary measurements can grow quite large. For in-
stance, the standard practice at BaB̄ar is to form
very large likelihood functions that incorporate ev-
erything from the parameters of the unitarity tri-
angle to branching fractions and detector response.
These likelihoods are typically factorized into multi-

dNote that Linnemann19 used α = 1/τ instead, but in this
paper α is reserved for the rate of Type I error.

ple pieces, which are studied independently at first
and later combined to assess correlations. The fac-
torization of the likelihood and the number of nui-
sance parameters included impact the difficulty of
implementing the various scenarios considered below.

3 Practical and Toy Examples

In this Section, a few practical and toy examples are
introduced. The toy examples are meant to provide
simple scenarios where results for different methods
can be easily obtained in order to expedite their com-
parison. The practical examples are meant to ex-
clude methods that provide nice solutions to the toy
examples, but do not generalize to the realistic situ-
ation.

3.1 The Canonical Example

Consider a number-counting experiment that mea-
sures x events in the signal-like region and y events
in some sideband. For a given background rate b in
the signal-like region, say one can expect τb events
in the sideband. Additionally, let the rate of signal
events in the signal-like regions – the parameter of in-
terest – be denoted µ. The corresponding likelihood
function is

LP (x, y|µ, b) = Pois(x|µ + b) · Pois(y|τb). (14)

This is the same case that was considered in
Refs. 20,22,23,24 for x, y = O(10) and α = 5%.
For LHC searches, we will be more interested in
x, y = O(100) and α = 2.85 · 10−7. Furthermore, the
auxiliary measurement will rarely be a pure number
counting sideband measurement, but instead the re-
sult of some fit. So let us also consider the likelihood
function

LG(x, y|µ, b) = Pois(x|µ + b) · G(y|τb,
√

τb). (15)

As a concrete example in the remaining sections,
let us consider the case b = 100 and τ = 1. Opera-
tionally, one would measure y and then find the value
xcrit(y) necessary for discovery. In the language of
confidence intervals, xcrit(y) is the value of x nec-
essary for the 100(1 − α)% confidence interval in µ
to exclude µ0 = 0. In Sec. 4 we check the coverage
(Type I error or false-discovery rate) for both LP and
LG.

Linnemann reviewed thirteen methods and
eleven published examples of this scenario.19 Of the
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The Prototype Problem in RooFit/RooStats

Early in the RooStats project, we 
considered this prototype problem

Easy to code up using RooFit:

Easy to obtain relevant plots in three 
di"erent approaches
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Figure 3. The signal-like region and sideband for H → γγ in
which τ is correlated to b via the model parameter a.

the likelihood function that provides the connection
between the nuisance parameter(s) and the auxiliary
measurements.

The most common choices for the likelihood of
the auxiliary measurement are L(y|b) = Pois(y|τb)
and L(y|b) = G(y|τb, σy), where τ is a constant that
specifies the ratio of the number of events one expects
in the sideband region to the number expected in the
signal-like region.d

A constant τ is appropriate when one simply
counts the number of events y in an “off-source” mea-
surement. In a more typical case, one uses the distri-
bution of some other variable, call it m, to estimate
the number of background events inside a range of
m (see Fig. 3). In special cases the ratio τ is inde-
pendent of the model parameters. However, in many
cases (e.g. f(m) ∝ e−am), the ratio τ depends on the
model parameters. Moreover, sometimes the side-
band is contaminated with signal events, thus the
background and signal estimates can be correlated.
These complications are not a problem as long as
they are incorporated into the likelihood.

The number of nuisance parameters and aux-
iliary measurements can grow quite large. For in-
stance, the standard practice at BaB̄ar is to form
very large likelihood functions that incorporate ev-
erything from the parameters of the unitarity tri-
angle to branching fractions and detector response.
These likelihoods are typically factorized into multi-

dNote that Linnemann19 used α = 1/τ instead, but in this
paper α is reserved for the rate of Type I error.

ple pieces, which are studied independently at first
and later combined to assess correlations. The fac-
torization of the likelihood and the number of nui-
sance parameters included impact the difficulty of
implementing the various scenarios considered below.

3 Practical and Toy Examples

In this Section, a few practical and toy examples are
introduced. The toy examples are meant to provide
simple scenarios where results for different methods
can be easily obtained in order to expedite their com-
parison. The practical examples are meant to ex-
clude methods that provide nice solutions to the toy
examples, but do not generalize to the realistic situ-
ation.

3.1 The Canonical Example

Consider a number-counting experiment that mea-
sures x events in the signal-like region and y events
in some sideband. For a given background rate b in
the signal-like region, say one can expect τb events
in the sideband. Additionally, let the rate of signal
events in the signal-like regions – the parameter of in-
terest – be denoted µ. The corresponding likelihood
function is

LP (x, y|µ, b) = Pois(x|µ + b) · Pois(y|τb). (14)

This is the same case that was considered in
Refs. 20,22,23,24 for x, y = O(10) and α = 5%.
For LHC searches, we will be more interested in
x, y = O(100) and α = 2.85 · 10−7. Furthermore, the
auxiliary measurement will rarely be a pure number
counting sideband measurement, but instead the re-
sult of some fit. So let us also consider the likelihood
function

LG(x, y|µ, b) = Pois(x|µ + b) · G(y|τb,
√

τb). (15)

As a concrete example in the remaining sections,
let us consider the case b = 100 and τ = 1. Opera-
tionally, one would measure y and then find the value
xcrit(y) necessary for discovery. In the language of
confidence intervals, xcrit(y) is the value of x nec-
essary for the 100(1 − α)% confidence interval in µ
to exclude µ0 = 0. In Sec. 4 we check the coverage
(Type I error or false-discovery rate) for both LP and
LG.

Linnemann reviewed thirteen methods and
eleven published examples of this scenario.19 Of the
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Type II Systematics

Class II systematics generally due to 
uncertainty in shape of background

! this uncertainty is limiting factor 
in ttH(H$bb) analysis

! also relevant for H$%%

A huge amount of e"ort goes into 
identifying other measurements 
that can be used to estimate or 
constrain the background

! control samples are an important 
tool for experimentalists

Try to convert Type II into Type I
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Figure 4. The bb invariant mass spectrum for tt̄H signal and
background processes at Atlas.

(Type I error or false-discovery rate) for both LP and
LG.

Linnemann reviewed thirteen methods and
eleven published examples of this scenario.19 Of the
published examples, only three (the one from his ref-
erence 18 and the two from 19) are near the range of
x,y, and α relevant for LHC searches. Linnemann’s
review asks an equivalent question posed in this pa-
per, but in a different way: what is the significance
(Z in Eq. 12) of a given observation x, y.

3.2 The LHC Standard Model Higgs Search

The search for the standard model Higgs boson is
by no means the only interesting search to be per-
formed at the LHC, but it is one of the most studied
and offers a particularly challenging set of channels
to combine with a single method. Figure 1 shows
the expected significance versus the Higgs mass, mH ,
for several channels individually and in combination
for the Atlas experiment.25 Two mass points are
considered in more detail in Tab. 1, including re-
sults from Refs.1,25,26. Some of these channels will
most likely use a discriminating variable distribu-
tion, f(m), to improve the sensitivity as described
in Sec. 2.3. I have indicated the channels that I sus-
pect will use this technique. Rough estimates on the
uncertainty in the background rate have also been
tabulated, without regard to the classification pro-
posed by Sinervo.

The background uncertainties for the tt̄H chan-
nel have been studied in some detail and separated
into various sources.26 Figure 4 shows the mbb mass

Box
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!d 
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dM
 (p
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)

Figure 5. Two plausible shapes for the continuum γγ mass
spectrum at the LHC.

spectrum for this channel.e Clearly, the shape of
the background-only distribution is quite similar to
the shape of the signal-plus-background distribution.
Furthermore, theoretical uncertainties and b-tagging
uncertainties affect the shape of the background-only
spectrum. In this case the incorporation of system-
atic error on the background rate most likely pre-
cludes the expected significance of this channel from
ever reaching 5σ.

Similarly, the H → γγ channel has uncertainty
in the shape of the mγγ spectrum from background
processes. One contribution to this uncertainty
comes from the electromagnetic energy scale of the
calorimeter (an experimental nuisance parameter),
while another contribution comes from the theoreti-
cal uncertainty in the continuum γγ production. Fig-
ure 5 shows two plausible shapes for the mγγ spec-
trum from “Born” and “Box” predictions.

4 Review of Methods

Based on the practical example of the standard
model Higgs search at the LHC and the discussion
in Sec. 2, the list of admissible methods is quite
short. Of the thirteen methods reviewed by Linne-
mann, only five are considered as reasonable or rec-
ommended. These can be divided into three classes:
hybrid Bayesian-frequentist methods, methods based
on the Likelihood Principle, and frequentist methods
based on the Neyman construction.

eIt is not clear if this result is in agreement with the equivalent
CMS result.27
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cal uncertainty in the continuum γγ production. Fig-
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mann, only five are considered as reasonable or rec-
ommended. These can be divided into three classes:
hybrid Bayesian-frequentist methods, methods based
on the Likelihood Principle, and frequentist methods
based on the Neyman construction.

eIt is not clear if this result is in agreement with the equivalent
CMS result.27
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A common likelihood function

Consider an experiment with Nchan channels indexed by i

Each channel has ni events indexed by j

!  with si signal and bi background expected

Each event has discriminating variables xij (possibly N-dim)

! with            and          describing signal & bkg components

! and  assume signal and background don’t interfere 
quantum mechanically, so that the probabilities just add

Then one can write the following pdf / likelihood function

158

fs(xij) fb(xij)

L(xij |si, bi) =
Nchan∏

i

Pois(ni|si + bi)
ni∏

j

sifs(xij) + bifb(xij)
si + bi
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A common likelihood function

Consider an experiment with Nchan channels indexed by i

Each channel has ni events indexed by j

!  with si signal and bi background expected

Each event has discriminating variables xij (possibly N-dim)

! with            and          describing signal & bkg components

! and  assume signal and background don’t interfere 
quantum mechanically, so that the probabilities just add

Then one can write the following pdf / likelihood function

! with nuisance parameters

158

fs(xij) fb(xij)

L(xij |si, bi, νi) =
Nchan∏

i

Pois(ni|si + bi)
ni∏

j

sifs(xij ; νi) + bifb(xij ; νi)
si + bi
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Generalizing the Likelihood Ratio with Nuisance Parameters

159

Initially, we started with 2 simple hypotheses, and showed 
the likelihood ratio was most powerful (Neyman-Pearson)
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Generalizing the Likelihood Ratio with Nuisance Parameters

159

Initially, we started with 2 simple hypotheses, and showed 
the likelihood ratio was most powerful (Neyman-Pearson)

Then we generalized it to composite hypotheses.

f(x|θ0)
f(x|θbest(x))

f(x|H0)
f(x|H1)
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Figure 13: Figure (a) shows that the shapes are similar for these backgrounds and that the shape is stable

in the final stages of the cut flow. The tau-tau invariant mass for tt̄ andW+jets backgrounds after all cuts
for the ll-channel (b)and lh-channel (c) with a fourth order polynomial fit to the spectrum. The solid and

dashed curves show the result of the simultaneous fit to the control sample and signal candidates with

and without the signal contribution, respectively.

likelihood ratio, # ,

# (µ = 0) =
L(data|µ = 0, ˆ̂b(µ = 0), ˆ̂$(µ = 0))

L(data|µ̂, b̂, $̂)
, (12)

where µ represents signal strength in units of the standard model expectation and $ represents the nui-

sance parameters needed to describe the shape. Asymptotically, the distribution of profile likelihood

ratio approaches a "2 distribution with the number of degrees of freedom given by the number of param-

eters of interest. The motivation for µ is that it enforces the relationship of the standard model branching

ratios when combining the individual channels and maintains the distribution of # as a "2 with one de-

gree of freedom. This improves the power compared to a method which lets the signal in each channel

vary independently. Accordingly, results represented in the µ −MH plane should be derived from a "
2

distribution with two degrees of freedom, in which case there is no impact from the “look-elsewhere

effect”. In contrast, if the look-elsewhere effect must be considered if the test mass MH is not explic-

itly fixed; however, the effect is rather small for this channel given the 9 GeV mass resolution and the

∼ 50 GeV mass range of interest.
The likelihood function corresponding to the simultaneous fit is simply a product of the likelihoods

from the individual measurements:

L(data|µ,MH ,$) = Ltrack(track multiplicity|rQCD) (13)

× LZ(Z+ jets control|%Z)
× LQCD(QCD control|a0,a1,a2,a3)
× Ls+b(signal candidates|µ,MH ,%H ,%Z,rQCD,a0,a1,a2,a3),

where the ai are the parameters of the Chebychev polynomial used to parametrize the fake-tau back-

ground and $ represents all nuisance parameters of the model: %H ,%Z,rQCD,a0,a1,a2,a3.
Figure 14 shows the fit to the signal candidates for a MH = 120 GeV Higgs in the lh=channel with

(a) and without (b) the signal contribution. It can be seen that the background shapes and normalizations

are trying to accommodate the excess nearM!! = 120 GeV, but the control samples are constraining the

variation. Table ?? shows the significance calculated from the profile likelihood ratio for the ll-channel,

the lh-channel, and the combined fit for various Higgs masses.

27

An example
Essentially, you need to fit your model to the data twice:

once with everything floating, and once with signal fixed to 0

160

where the ai are the parameters used to parameterize the fake-tau background and ! represents all nui-680

sance parameters of the model: "H ,mZ,"Z,rQCD,a1,a2,a3. When using the alternate parameterization681

of the signal, the exact form of Equation 14 is modified to coincide with parameters of that model.682

Figure 14 shows the fit to the signal candidates for a mH = 120 GeV Higg with (a,c) and without683

(b,d) the signal contribution. It can be seen that the background shapes and normalizations are trying to684

accommodate the excess near m## = 120 GeV, but the control samples are constraining the variation.685

Table 13 shows the significance calculated from the profile likelihood ratio for the ll-channel, the lh-686

channel, and the combined fit for various Higgs boson masses.687
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Figure 14: Example fits to a data sample with the signal-plus-background (a,c) and background only

(b,d) models for the lh- and ll-channels at mH = 120 GeV with 30 fb−1 of data. Not shown are the

control samples that were fit simultaneously to constrain the background shape. These samples do not

include pileup.
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L(data|µ̂, b̂, ν̂) L(data|µ = 0, ˆ̂b, ˆ̂ν)

Thursday, February 5, 2009



Kyle Cranmer (NYU) CERN Academic Training, Feb 2-5, 2009

!"##$%&'()

* +* ,** ,+* -** -+**

*.*,

*.*-

*.*/

*.*0

*.*+

*.*1

*.*2 345$6"789:;<=>$#?"@'

AA

BC$D'A#!$E"F

 (GeV)!!m
0 1002003004005006007008009001000

A
rb

it
ra

ry
 u

n
it
s

0

0.0005

0.001

0.0015

0.002

0.0025

0.003

0.0035

0.004
/ndf  269.746/242 , prob. 0.1062"

 32.03±p0  881.71 

 39.07±p1  1752.55 

 0.92±p2   26.99 

 0.06±p3    2.94 

 (GeV)!!m
0 100 200 300 400 500 600 700 800

A
rb

it
ra

ry
 u

n
it
s

0

0.001

0.002

0.003

0.004

0.005

0.006

0.007

0.008
/ndf  162.056/143 , prob. 0.1322"

 21.30±p0  482.26 

 26.21±p1  909.71 

 1.91±p2   36.34 

 0.16±p3    4.67 

(a) (b) (c)

Figure 13: Figure (a) shows that the shapes are similar for these backgrounds and that the shape is stable

in the final stages of the cut flow. The tau-tau invariant mass for tt̄ andW+jets backgrounds after all cuts
for the ll-channel (b)and lh-channel (c) with a fourth order polynomial fit to the spectrum. The solid and

dashed curves show the result of the simultaneous fit to the control sample and signal candidates with

and without the signal contribution, respectively.

likelihood ratio, # ,

# (µ = 0) =
L(data|µ = 0, ˆ̂b(µ = 0), ˆ̂$(µ = 0))

L(data|µ̂, b̂, $̂)
, (12)

where µ represents signal strength in units of the standard model expectation and $ represents the nui-

sance parameters needed to describe the shape. Asymptotically, the distribution of profile likelihood

ratio approaches a "2 distribution with the number of degrees of freedom given by the number of param-

eters of interest. The motivation for µ is that it enforces the relationship of the standard model branching

ratios when combining the individual channels and maintains the distribution of # as a "2 with one de-

gree of freedom. This improves the power compared to a method which lets the signal in each channel

vary independently. Accordingly, results represented in the µ −MH plane should be derived from a "
2

distribution with two degrees of freedom, in which case there is no impact from the “look-elsewhere

effect”. In contrast, if the look-elsewhere effect must be considered if the test mass MH is not explic-

itly fixed; however, the effect is rather small for this channel given the 9 GeV mass resolution and the

∼ 50 GeV mass range of interest.
The likelihood function corresponding to the simultaneous fit is simply a product of the likelihoods

from the individual measurements:

L(data|µ,MH ,$) = Ltrack(track multiplicity|rQCD) (13)

× LZ(Z+ jets control|%Z)
× LQCD(QCD control|a0,a1,a2,a3)
× Ls+b(signal candidates|µ,MH ,%H ,%Z,rQCD,a0,a1,a2,a3),

where the ai are the parameters of the Chebychev polynomial used to parametrize the fake-tau back-

ground and $ represents all nuisance parameters of the model: %H ,%Z,rQCD,a0,a1,a2,a3.
Figure 14 shows the fit to the signal candidates for a MH = 120 GeV Higgs in the lh=channel with

(a) and without (b) the signal contribution. It can be seen that the background shapes and normalizations

are trying to accommodate the excess nearM!! = 120 GeV, but the control samples are constraining the

variation. Table ?? shows the significance calculated from the profile likelihood ratio for the ll-channel,

the lh-channel, and the combined fit for various Higgs masses.
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Properties of the Profile Likelihood Ratio

After a close look at the profile likelihood ratio

one can see the function is independent of true values of 

! though its distribution might depend indirectly

Wilks’s theorem states that under certain conditions the 
distribution of the profile likelihood ratio has an asymptotic 
form

Thus, we can calculate the p-value for the background-only 
hypothesis by calculating 

or equivalently:

161

ν

−2 log λ(µ = 0)

Z =
√
−2 log λ(µ = 0)

−2 log λ(µ = 0) ∼ χ2
1
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Profile Likelihood Ratio & MINUIT
Rolke, Lopez, Conrad published a method 
based on the profile likelihood ratio (NIM 
A551) before the term was used much in 
HEP

! noticed identical results with MINOS 
limits, extensive numerical tests

MINUIT long writeup explains algorithm

! limits based on extreme values of the 
contour

! algorithm does not sound much like the 
profile likelihood ratio, but it’s not hard 
to show extreme points must lie on 
profile constraint and lie on same 
likelihood contour

Taking MINOS out to 5& is extreme, 
amazingly it seems to work quite well.
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Taken from Wouter Verkerke, NIKHEF 

The Profile Likelihood Ratio in RooFit/RooStats

• Very easy to perform an analysis 
with the profile likelihood ratio 
now

• MINOS error box and profile 
likelihood give same error
for multi-dimensional likelihood

163

• An early request from RooStats to RooFit was to 
provide a profile likelihood ratio
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Wilks’s theorem

An recent ATLAS Higgs example:

! even with very complicated pdf, distribution looks 

164
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Figure 13: Figure (a) shows that the shapes are similar for these backgrounds and that the shape is stable

in the final stages of the cut flow. The tau-tau invariant mass for tt̄ andW+jets backgrounds after all cuts
for the ll-channel (b)and lh-channel (c) with a fourth order polynomial fit to the spectrum. The solid and

dashed curves show the result of the simultaneous fit to the control sample and signal candidates with

and without the signal contribution, respectively.

likelihood ratio, # ,

# (µ = 0) =
L(data|µ = 0, ˆ̂b(µ = 0), ˆ̂$(µ = 0))

L(data|µ̂, b̂, $̂)
, (12)

where µ represents signal strength in units of the standard model expectation and $ represents the nui-

sance parameters needed to describe the shape. Asymptotically, the distribution of profile likelihood

ratio approaches a "2 distribution with the number of degrees of freedom given by the number of param-

eters of interest. The motivation for µ is that it enforces the relationship of the standard model branching

ratios when combining the individual channels and maintains the distribution of # as a "2 with one de-

gree of freedom. This improves the power compared to a method which lets the signal in each channel

vary independently. Accordingly, results represented in the µ −MH plane should be derived from a "
2

distribution with two degrees of freedom, in which case there is no impact from the “look-elsewhere

effect”. In contrast, if the look-elsewhere effect must be considered if the test mass MH is not explic-

itly fixed; however, the effect is rather small for this channel given the 9 GeV mass resolution and the

∼ 50 GeV mass range of interest.
The likelihood function corresponding to the simultaneous fit is simply a product of the likelihoods

from the individual measurements:

L(data|µ,MH ,$) = Ltrack(track multiplicity|rQCD) (13)

× LZ(Z+ jets control|%Z)
× LQCD(QCD control|a0,a1,a2,a3)
× Ls+b(signal candidates|µ,MH ,%H ,%Z,rQCD,a0,a1,a2,a3),

where the ai are the parameters of the Chebychev polynomial used to parametrize the fake-tau back-

ground and $ represents all nuisance parameters of the model: %H ,%Z,rQCD,a0,a1,a2,a3.
Figure 14 shows the fit to the signal candidates for a MH = 120 GeV Higgs in the lh=channel with

(a) and without (b) the signal contribution. It can be seen that the background shapes and normalizations

are trying to accommodate the excess nearM!! = 120 GeV, but the control samples are constraining the

variation. Table ?? shows the significance calculated from the profile likelihood ratio for the ll-channel,

the lh-channel, and the combined fit for various Higgs masses.
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Experimentalist Justification

So far this looks a bit like magic.  How can you claim that you 
incorporated your systematic just by fitting the best value of 
your uncertain parameters and making a ratio?

It won’t unless the the parametrization is su'ciently flexible.

So check by varying the settings of your simulation, and see if 
the profile likelihood ratio is still distributed as a chi-square

165

log Likelihood Ratio
0 2 4 6 8 10 12 14 16 18 20

P
ro

b
a
b

il
it

y

-6
10

-5
10

-410

-3
10

-210

-110
Nominal (Fast Sim)

miss

T
Smeared P

 scale 12Q

 scale 2
2

Q

 scale 3
2

Q
 scale 4

2
Q

tLeading-order t

bLeading-order WWb
Full Simulation

-1
 L dt=10 fb!

ATLAS

Here it is pretty stable, but 
it’s not perfect (and this is 
a log plot, so it hides some 
pretty big discrepancies)

The profile approach works 
asymptotically and only if 
your parametrization is 
su'ciently flexible.
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A very important point

If we keep pushing this point to the extreme, the physics 
problem goes beyond what we can handle practically

Wilks’s theorem holds if the true distribution is in the family 
of functions being considered

! eg. we have su'ciently flexible models of signal & 
background to incorporate all systematic e"ects

! but we don’t believe we simulate everything perfectly

! ..and when we parametrize our models usually we have 
further approximated our simulation.

# nature -> simulation -> parametrization

At some point these approaches are limited by honest 
systematics uncertainties (not statistical ones).  Statistics can 
only help us so much after this point. Now we must be physicists!

166

Thursday, February 5, 2009



Kyle Cranmer (NYU) CERN Academic Training, Feb 2-5, 2009

Floating mass & look-elsewhere effect

In the floating mass case, it is clear that there is a degradation in 
significance due to the look-elsewhere e"ect (aka “trials factor”)

! naive estimate of factor is Range/(mass resolution)

Formally, the conditions required for Wilks’s theorem do not hold 
because floating mass parameter makes no sense in a 
background-only model.  See a Higgs example below.

The e"ect depends on range that the fit considers (non-local): 
eg. a 120 GeV Higgs pays price for considering 1TeV

167

fixed mass floating mass

For another example, see L. Demortier, p-vaues: http://www-cdf.fnal.gov/~luc/statistics/cdf8662.pdf
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Neyman Construction with Nuisance Parameters

We just showed two examples where the 
assumptions necessary for Wilks’s theorem were 
violated

! implied that we could not use standard asymptotic 
arguments about how profile L.R. (out test statistic) 
is distributed

But that doesn’t mean we are totally stuck:

! we can still generate “toy” Monte Carlo and directly 
build sampling distribution of the test statistic 
(profile L.R. or any other one)

! It is fairly straight-forward to extend Neyman 
Construction to include additional nuisance 
parameters

The goal is that the parameter of interest should be covered 
at the stated confidence for every value of the nuisance 

parameter

! if there is any value of the nuisance parameter which 
makes the data consistent with the parameter of interest, 
that parameter point should be considered:

! eg. don’t claim discovery if any background scenario is 
compatible with data

168Figure 1: The Neyman construction for a test statistic x,
an auxiliary measurement M , and a nuisance parameter
b. Vertical planes represent acceptance regions Wb for H0

given b. The condition for discovery corresponds to data
(x0, M0) that do not intersect any acceptance region.
The contours of L(x, M |H0, b) are in color.

where b̂ conditionally maximizes L(x, M |H1, b) and ˆ̂b
conditionally maximizes L(x, M |H0, b).

Now let us take s = 50 and ∆ = 5%, both of which
could be determined from Monte Carlo. In our toy ex-
ample, we collect data M0 = 100. Let α = 2.85 ·10−7,
which corresponds to 5σ. The question now is how
many events x must we observe to claim a discovery?1

The condition for discovery is that (x0, M0) do not lie
in any acceptance region Wb. In Fig. 1 a sample of
acceptance regions are displayed. One can imagine a
horizontal plane at M0 = 100 slicing through the var-
ious acceptance regions. The condition for discovery
is that x0 > xmax where xmax is the maximal x in the
intersection.

There is one subtlety which arises from the or-
dering rule in Eq. 5. The acceptance region Wb =
{(x, M) | l > lα} is bounded by a contour of the
likelihood ratio and must satisfy the constraint of size:∫

Wb
L(x, M |H0, b) = (1 − α). While it is true that

the likelihood is independent of b, the constraint on
size is dependent upon b. Similar tests are achieved
when lα is independent of b. The contours of the like-
lihood ratio are shown in Fig. 2 together with con-
tours of L(x, M |H0, b). While tests are roughly sim-
ilar for b ≈ M , similarity is violated for M # b.
This violation should be irrelevant because clearly
b # M should not be accepted. This problem can
be avoided by clipping the acceptance region around
M = b ± N∆b, where N is sufficiently large (≈ 10)
to have negligible affect on the size of the acceptance

1In practice, one would measure x0 and M0 and then ask,
“have we made a discovery?”. For the sake of explanation, we
have broken this process into two pieces.

20

40

60

80

100

120

140

0 50 100 150 200 250

M

x

Figure 2: Contours of the likelihood L(x, M |H0, b) are
shown as concentric ellipses for b = 32 and b = 80.
Contours of the likelihood ratio in Eq. 5 are shown as
diagonal lines. This figure schematically illustrates that if
one chooses acceptance regions based solely on contours
of the likelihood ratio, that similarity is badly violated.
For example, data M = 80, x = 130 would be considered
part of the acceptance region for b = 32, even though it
should clearly be ruled out.

region. Fig. 1 shows the acceptance region with this
slight modification.

In the case where s = 50, ∆ = 5%, and M0 = 100,
one must observe 167 events to claim a discovery.
While no figure is provided, the range of b consis-
tent with M0 = 100 (and no constraint on x) is
b ∈ [68, 200]. In this range, the tests are similar to
a very high degree.

7. THE COUSINS-HIGHLAND
TECHNIQUE

The Cousins-Highland approach to hypothesis test-
ing is quite popular [4] because it is a simple smear-
ing on the nuisance parameter [5]. In particular, the
background-only hypothesis L(x|H0, b) is transformed
from a compound hypothesis with nuisance parameter
b to a simple hypothesis L′(x|H0) by

L′(x|H0) =
∫

b
L(x|H0, b)L(b)db, (6)

where L(b) is typically a normal distribution. The
problem with this method is largely philosophical:
L(b) is meaningless in a frequentist formalism. In a
Bayesian formalism one can obtain L(b) by consider-
ing L(M |b) and inverting it with the use of Bayes’s
theorem and the a priori likelihood for b. Typically,
L(M |b) is normal and one assumes a flat prior on b.

In the case where s = 50, L(b) is a normal distribu-
tion with mean µ = M0 = 100 and standard deviation
σ = ∆M0 = 5, one must observe 161 events to claim a
discovery. Initially, one might think that 161 is quite

PHYSTAT2003,  SLAC, Stanford, California, September 8-11, 2003
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Neyman Construction with Nuisance parameters

Biggest challenge for Neyman Construction is to avoid 
significant over-coverage 

! note: projection of nuisance parameters is a union (eg. 
set theory) not an integration (Bayesian)

169

G. Punzi - PHYSTAT 05 - Oxford, UK 

, but some overcoverage may just be a natural

µ

!

µ
min

µ
max

(x0,e0)

ideal shape of conf. region

ε
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Profile Construction

The profile construction means that one does 
not need to scan each nuisance parameter 
(keeps dimensionality constant)

! easier computationally

This approximation does not guarantee exact 
coverage, but

! tests indicate impressive performance

! one can expand about the profile 
construction to improve coverage, with the 
limiting case being the full construction

170

Gary Feldman presented an approximate Neyman 
Construction, based on the profile likelihood 
ratio as an ordering rule, but only performing the 
construction on a subspace (eg. their conditional 
maximum likelihood estimate)
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A word on combinations and publishing

171
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Examples of Published Likelihoods

You can find examples of 
published likelihoods in 1D

In 2-D you  just get the contours
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Surely we can do better!

At previous PhyStats, we agreed to publish likelihood functions
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Example of Digital Publishing 

RooFit’s Workspace now provides the 

ability to save in a ROOT file the full 

likelihood model, any priors you might 

want, and the minimal data necessary 

to reproduce likelihood function.

Can also evaluate integrals over x 

necessary for Neyman construction!

Need this for combinations, we should 

publish them to some repository!
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Combining Results: An Example

174

A combination example

• Combining ‘ATLAS’ and ‘CMS’ result from persisted 
workspaces

!"#$%&'(')'*%+'!"#$%,-./$.01233/-4'5

633732809.:%'&./$.0')'(;<=%/,-./$.0-4'5

Read ATLAS
workspace

!"#$%&'(')'*%+'!"#$%,-:>01233/-4'5

633732809.:%'&:>0')'(;<=%/,-:>0-4'5

Read CMS
workspace

633?@@#/#3*'*$$A3>B#,-*$$A3>B#-C-*$$'ADEF?!G?E-C
633?2HE%/,&:>0;<(I*:/#3*,J*$$K4C&./$.0;<(I*:/#3*,J*$$K444'5

Construct
combined LH

633L23(#$%GG'9$$A3>B#,-9$$A3>B#-C-9$$-C*$$A3>B#C&./$.0;<M.2,->N#HH0-44'5

Construct
profile LH
in mHiggs

633L$3/&'>(2.>%')'./$.0;<M.2,->N#HH0-4;<(2.>%,;O1PC;Q1P4'5

./$.0;<(I*:/#3*,J*$$K4;<9$3/R*,>(2.>%44'5

:>0;<(I*:/#3*,J*$$K4;<9$3/R*,>(2.>%4CG#*%E/S$%,8T.0U%@44'5

9$$A3>B#19$3/R*,>(2.>%CG#*%A3$32,86%@44'5

Plot
Atlas,CMS,
combined
profile LH

Wouter Verkerke, NIKHEF 

>(2.>%;<T2.+,4'5'VV'2%0I$/'3*'*%W/'0$#@%
profile LH

A combination example

d
e

 l
ik

e
li
h

o
o

d

Combined

P
r
o

fi
le

‘A l ’‘Atlas’

‘CMS’

Wouter Verkerke, NIKHEF 

By using the workspace, it is easy to share results, ideal for combinations.

Example above shows opening an ‘atlas’ and ‘cms’ workspace, and 

performing a combined fit to a common parameter with profile likelihood.
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Concluding remarks

We have covered a lot of ground in the last four days:

! basic ideas of probability, informaiton, Bayesian vs. Frequentist

! hypothesis tests for simple & compound hypotheses

! confidence intervals with and without nuisance parameters

! the likelihood principle and the foundation for likelihood-based inference

I hope these lectures have enhanced your appreciation for the foundation and 
the possibilities of statistical methods relevant for particle physics.  

! To master any of these techniques requires some dedicated time and 
study, and I hope the references provided earlier can help. 

! Most of the major experiments have statistics committees that are there to 
help advise and educate, so they are also excellent resources

! We hope to organize a RooFit & RooStats tutorial ~June 2009

With luck, the LHC will bring amazing era of discovery.  We must be ready to 
take on this challenging environment, filled with uncertainties, and establish 
the new Standard Model of particle physics.  

Good luck to you all!
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!e End

!ank Y"!
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Supplemental Slides
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Type III Systematics
Type III Systematics are related to variations in inference from 
uncertainty in the  overall theoretical framework

! Bayesian approach: assign priors over the “framework space”

! Sinervo suggests Frequentist can’t incorporate them because 
one cannot find an ensemble associated to the theories

# but theoretical framework can be thought of as an additional 
nuisance parameter (possibly discrete) - can be incorporated!

# only need an ensemble of some observable if one wants to 

constrain the space of the theories, not to incorporate them

# if theoretical framework influences our experimental result, 
then we don’t really know what we are doing!

178

Taken from Cousins’ Phystat05 talk:

• A.W.F. Edwards (in Kalbfleisch 1970): “Let me say at once that I can see 
no reason why it should always be possible to eliminate nuisance 
parameters.  Indeed, one of the many objections to Bayesian inference is 
that is always permits this elimination.''
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An (Outdated) of Type III Systematics

Two theoretical tools used 
to exclude regions of CPX 
Higgs scenario using the 
same measurement & 
statistical techniques

179
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Do we want to weight these plots 
with a Bayesian prior, 

- or -

Do we want to only exclude in the 
region where they both exclude?
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Exploring High-Dimensional Models

180

A few groups now using Markov-Chain Monte Carlo techniques to 

explore high-dimensional models (mSUGRA)

! conclusions are sensitive to the choice of prior

! treat it like a weather forecast
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[hep-ph/0507283, hep-ph/0601089, arXiv:0705.0487] 

!What would you do with a 

likelihood map like this?

! reduce sensitivity to prior 

with “natural priors” via a 

Hierarchical Bayes model

!See talks by Lafaye & 

Roszkowski at PhyStat LHC
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Figure 1: The 2-dim relative probability density functions in the planes spanned by the CMSSM
parameters: m1/2, m0, A0 and tanβ for µ > 0. The pdf’s are normalized to unity at their peak.
The inner (outer) blue solid contours delimit regions encompassing 68% and 95% of the total
probability, respectively. All other basis parameters, both CMSSM and SM ones, in each plane
have been marginalized over.

blue (dark) solid contours delimit regions of 68% and 95% of the total probability, respec-

tively, and remain well within the assumed priors, except for m0. In all the 2-dim plots,

the MC samples have been divided into 70 × 70 bins, with a mild smoothing across adja-

cent bins to improve the quality of the presentation (this has not impact on our statistical

conclusions). Jagged contours are a result of a finite resolution of the MC chains.

In the case of µ > 0 (fig. 1) we can see a strong preference for large m0 ∼> 1 TeV. On

the other hand, the peak of probability for m1/2 is around 0.5 TeV, although the 68% range

of total probability is rather wide, increases with m0 and exceeds 1.5 TeV for m0 # 4 TeV.

Additionally, at smaller m0 ∼< 1 TeV there are a few confined 68% total probability regions.

The strong preference for large m0 $ m1/2 is primarily the result of the sizable shift

in the SM value of BR(B → Xsγ), as can be seen by comparing fig. 1 with fig. 2 in ref. [14]

(or fig. 8 of ref. [15]) where the previous value of BR(B → Xsγ) has been used. (While

the other CMSSM parameters also experience some shift in their most probable values, it

is not as dramatic as that of m0 towards larger values.) The underlying reason is that,

at fairly small m1/2 the charged Higgs mass remains relatively light, in the few hundred

– 9 –
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Hierarchical Bayes in HEP

181

generate priors different from our own, and thereby test the degree to which the data

or the analysis is compelling. If the final results are sensitive to changes of prior,
then more data or a better analysis may be called for.

The core idea that we have chosen to encode in (and which therefore defines)

our prior on m0, M1/2, A0, µ, B, and s may be summarised as follows. (1) We
define regions of parameter space where there parameters all have similar orders
of magnitude to be more natural than those where they are vastly different. For

example we regard m0 = 101 eV, M1/2 = 1020 eV as unnatural. In effect, we will
use the distance measure between each parameter and a joint ‘supersymmetry scale”

MS to define our prior. (2) We do not wish to impose unity of scales at anything
stronger than the order of magnitude level. (3) We do not wish to presuppose any

particular scale for MS itself – that is for the data to decide.

Putting these three principles together, we first define a measure that would seem
reasonable were the supersymmetry scale of MS to be known. Later we will integrate

out this dependence on MS. To begin with we factorise the prior probability density
for a given SUSY breaking scale MS:

p(m0, M1/2, A0, µ, B, s|MS) = p(m0|MS) p(M1/2|MS) p(A0|MS) (2.5)

p(µ|MS) p(B|MS) p(s),

where we have assumed that the SM experimental inputs do not depend upon MS.
This factorisation of priors could be changed to specialise for particular models of

SUSY breaking. For example, dilaton domination in heterotic string models predicts
m0 = M1/2 = −A0/

√
3. In that case, one would neglect the separate prior factors

for A0, M1/2 and m0 in Eq. 2.5, leaving only one of them. Since it is our intention to

impose unity between m0, M1/2, A0 and MS at the “order of magnitude” level, we
take a prior probability density

p(m0|MS) =
1√

2πw2m0

exp

(

−
1

2w2
log2(

m0

MS
)

)

. (2.6)

The normalising factor in front of the exponential ensures that
∫

∞

0
dm0 p(m0|MS) =

1. w specifies the width of the logarithmic exponential, Eq. 2.6 implies that m0 is

within a factor ew of MS at the “1σ level” (i.e. with probability 68%). We take
analogous forms for p(M1/2|MS) and p(µ |MS), by replacing m0 in Eq. 2.6 with M1/2

and |µ| respectively. Note in particular that our prior p(µ|MS) favours superpotential
parameter µ to be within an order of magnitude of MS and thus also within an order
of magnitude of the soft breaking parameters. This should be required by whichever

model is responsible for solving the µ problem of the MSSM, for example the Giudice-
Masiero mechanism [18]. A0 and B are allowed to have positive or negative signs

and values may pass through zero, so we chose a different form to Eq. 2.6 for their
prior. However, we still expect that their order of magnitude isn’t much greater than
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MS and the prior probability density

p(A0|MS) =
1√

2πe2wMS

exp

(

−
1

2(e2w)

A2
0

M2
S

)

, (2.7)

ensures that |A0| < ewMS at the 1σ level. The prior probability density of B is given

by Eq. 2.7 with A0 → B. We don’t know MS a priori, so we marginalise over it:

p(m0, M1/2, A0, µ, B) =

∫

∞

0

dMS p(m0, M1/2, A0, µ, B|MS) p(MS) (2.8)

=
1

(2π)5/2w5m0|µ|M1/2

∫

∞

0

dMS

M2
S

exp

[

−
1

2w2

(

log2(
m0

MS
) + log2(

|µ|
MS

)+

log2(
M1/2

MS
) +

w2A2
0

e2wM2
S

+
w2B2

M2
Se2w

)]

p(MS)

and p(MS) is a prior for MS itself, which we take to be p(MS) = 1/MS, i.e. flat in
the logarithm of MS. The marginalisation over MS amounts to a marginalisation

over a family of prior distributions, and as such constitutes a hierarchical Bayesian
approach [19]. The integration over several distributions is equivalent to adding

smearing due to our uncertainty in the form of the prior. As far as we are aware,
the present paper is the first example of the use of hierarchical Bayesian techniques

in particle physics. In general, we could also have marginalised over the hyper-
parameter w, for example using a Gaussian centred on 1, but we find it useful below
to examine sensitivity of the posterior probability distribution to w. We therefore

leave it as an input parameter for the prior distribution. We evaluate the integral in
Eq. 2.8 numerically using an integrator that does not evaluate the integrand at the

endpoints, where it is not finite. We have checked that the integral is not sensitive
to the endpoints chosen: the change induced by changing the integration range to

[10 GeV, 1016] GeV is negligible. We refer to Eq. 2.8 as the “same order” prior. To
summarise, the posterior probability density function is given by

p(m0, M1/2, A0, tanβ, s|data) ∝
[

p(data|m0, M1/2, A0, µ, B, s) × (2.9)

r(B, µ, tanβ) p(s) p(m0, M1/2, A0, µ, B)
]

MZ=Mcen
Z

,

where we have written [. . .]MZ=Mcen
Z

on the right hand side of above relation, implying
that µ and B are eliminated in favour of tanβ and M cen

Z by Eqs. 1.3, 1.4.

We may view the prior factors in Eq. 2.9 to be inverse fine-tuning parameters:
where the fine-tuning is high, the priors are small. It is interesting to note that a
cancellation of order ∼ 1/ tanβ is known to be required in order to achieve high values

of tanβ [25]. This appears in our Bayesian prior as a result of transforming from the
fundamental Higgs potential parameters µ, B to tan β and the empirically preferred

value of MZ . We display the various prior factors in Fig. 1 as a function of m0 for
all other parameters at the SPS1a CMSSM point [20]: M1/2 = 250 GeV, A0 = 100

– 7 –

which provides an estimated upper bound on how much the variance in parameters

could be decreased by running for more steps in the chains. Thus, values close to 1
show convergence of the chains. In previous publications, we considered R̂ < 1.05 to

indicate convergence of the chains for every input parameter. We have checked that
this is easily satisfied for all of our results.

We compare the case of flat tan β priors to the new prior in Fig. 3. The posterior

pdf has been marginalised down to the M1/2−m0 plane and binned into 75×75 bins,
as with all two-dimensional distributions in the present paper. Both signs of µ have

been marginalised over, again like all following figures in this paper unless explicitly
mentioned. The bins are normalised with respect to the bin with maximum posterior.
We identify the usual CMSSM regions of good-fit in Fig. 3a. The maximum at the
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Figure 3: CMSSM fits marginalised in the unseen dimensions for (a,c) flat tan β priors,

(b,d) the REWSB+same order prior with w = 1. Contours showing the 68% and 95%

regions are shown in each case. The posterior probability in each bin, normalised to the

probability of the maximum bin, is displayed by reference to the colour bar on the right

hand side of each plot.

lowest value of m0 corresponds to the stau co-annihilation region [48], where τ̃1 and
χ0

1 are quasi-mass degenerate and efficiently annihilate in the early universe. This

– 12 –

Flat Priors Hierarchical “REWSB” priors

Allanach, Cranmer , Lester, Weber [arXiv:0705.0487] 
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Histogram Interpolation

One piece of functionality provided by RooFit / RooStats, is 
Alex Read’s histogram interpolation algorithm

! take several PDFs, construct PDF with additional 
parameter corresponding to the interpolation parameter.  

! Now in RooFit

182
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Wouter Verkerke, NIKHEF 

Numeric convolutions – Class RooFFTConvPdf

• Usage example

• Example with cyclical ‘leakage’

– Can reduce this by specifying a 
‘buffer zone’ in FFT calculation
beyond end of ranges
conv.setBufferFraction(0.3)

// Construct landau (x) gauss (10000 samplings 2nd order interpolation)

t.setBins(10000,”cache”) ;

RooFFTConvPdf lxg("lxg","landau (X) gauss",t,landau,gauss,2) ;
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Workspace and Combinations

One of the main achievements thus far was the idea and 
implementation of the Workspace.

! With a few lines one can save entire model to a ROOT file

! can visualize model as a graph

184

G

x mu sigma
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One of the main achievements thus far was the idea and 
implementation of the Workspace.

! With a few lines one can save entire model to a ROOT file

! can visualize model as a graph

184

R
o
o
S
i
m
u
l
t
a
n
e
o
u
s

s
i
m
P
d
f
_
r
e
p
a
r
a
m
e
t
r
i
z
e
d
_
h
g
g

R
o
o
S
u
p
e
r
C
a
t
e
g
o
r
y

fi
t
C
a
t

R
o
o
C
a
t
e
g
o
r
y

e
t
a
C
a
t

R
o
o
C
a
t
e
g
o
r
y

c
o
n
v
C
a
t

R
o
o
C
a
t
e
g
o
r
y

j
e
t
C
a
t

R
o
o
A
d
d
P
d
f

s
u
m
P
d
f
_
{
e
t
a
G
o
o
d
;
n
o
C
o
n
v
;
n
o
J
e
t
s
}
_
r
e
p
a
r
a
m
e
t
r
i
z
e
d
_
h
g
g

R
o
o
P
r
o
d
P
d
f

B
a
c
k
g
r
o
u
n
d
_
{
e
t
a
G
o
o
d
;
n
o
C
o
n
v
;
n
o
J
e
t
s
}

H
fi
t
t
e
r
:
:
M
g
g
B
k
g
P
d
f

B
a
c
k
g
r
o
u
n
d
_
m
g
g
_
{
e
t
a
G
o
o
d
;
n
o
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
R
e
a
l
V
a
r

o
f
f
s
e
t

R
o
o
R
e
a
l
V
a
r

x
i
_
n
o
J
e
t
s

R
o
o
R
e
a
l
V
a
r

m
g
g

R
o
o
A
d
d
P
d
f

B
a
c
k
g
r
o
u
n
d
_
c
o
s
T
h
S
t
a
r
_
{
e
t
a
G
o
o
d
;
n
o
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
G
a
u
s
s
i
a
n

B
a
c
k
g
r
o
u
n
d
_
b
u
m
p
_
c
o
s
T
h
S
t
a
r
_
2

R
o
o
R
e
a
l
V
a
r

b
k
g
_
c
s
t
h
0
2

R
o
o
R
e
a
l
V
a
r

b
k
g
_
c
s
t
h
S
i
g
m
a
2

R
o
o
R
e
a
l
V
a
r

c
o
s
T
h
S
t
a
r

R
o
o
R
e
a
l
V
a
r

b
k
g
_
c
s
t
h
R
e
l
N
o
r
m
2

R
o
o
G
a
u
s
s
i
a
n

B
a
c
k
g
r
o
u
n
d
_
b
u
m
p
_
c
o
s
T
h
S
t
a
r
_
1
_
{
e
t
a
G
o
o
d
;
n
o
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
R
e
a
l
V
a
r

b
k
g
_
c
s
t
h
0
1
_
{
e
t
a
G
o
o
d
;
n
o
J
e
t
s
}

R
o
o
R
e
a
l
V
a
r

b
k
g
_
c
s
t
h
S
i
g
m
a
1
_
{
e
t
a
G
o
o
d
;
n
o
J
e
t
s
}

H
fi
t
t
e
r
:
:
H
f
t
P
e
g
g
e
d
P
o
l
y

B
a
c
k
g
r
o
u
n
d
_
p
o
l
y
_
c
o
s
T
h
S
t
a
r
_
{
e
t
a
G
o
o
d
;
n
o
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
R
e
a
l
V
a
r

b
k
g
_
c
s
t
h
C
o
e
f
3

R
o
o
R
e
a
l
V
a
r

b
k
g
_
c
s
t
h
C
o
e
f
5

R
o
o
R
e
a
l
V
a
r

b
k
g
_
c
s
t
h
P
o
w
e
r
_
{
e
t
a
G
o
o
d
;
n
o
J
e
t
s
}

R
o
o
R
e
a
l
V
a
r

b
k
g
_
c
s
t
h
C
o
e
f
1
_
{
e
t
a
G
o
o
d
;
n
o
J
e
t
s
}

R
o
o
R
e
a
l
V
a
r

b
k
g
_
c
s
t
h
C
o
e
f
2
_
{
e
t
a
G
o
o
d
;
n
o
J
e
t
s
}

R
o
o
R
e
a
l
V
a
r

b
k
g
_
c
s
t
h
C
o
e
f
4
_
{
e
t
a
G
o
o
d
;
n
o
J
e
t
s
}

R
o
o
R
e
a
l
V
a
r

b
k
g
_
c
s
t
h
C
o
e
f
6
_
{
e
t
a
G
o
o
d
;
n
o
J
e
t
s
}

R
o
o
R
e
a
l
V
a
r

b
k
g
_
c
s
t
h
R
e
l
N
o
r
m
1
_
{
e
t
a
G
o
o
d
;
n
o
J
e
t
s
}

R
o
o
A
d
d
P
d
f

B
a
c
k
g
r
o
u
n
d
_
p
T
_
{
e
t
a
G
o
o
d
;
n
o
C
o
n
v
;
n
o
J
e
t
s
}

H
fi
t
t
e
r
:
:
H
f
t
P
o
l
y
E
x
p

B
a
c
k
g
r
o
u
n
d
_
p
T
_
3

R
o
o
R
e
a
l
V
a
r

b
k
g
_
p
t
M
0

R
o
o
R
e
a
l
V
a
r

b
k
g
_
p
t
P
o
w
3

R
o
o
R
e
a
l
V
a
r

b
k
g
_
p
t
E
x
p
3

R
o
o
R
e
a
l
V
a
r

p
T

R
o
o
R
e
a
l
V
a
r

b
k
g
_
p
t
T
a
i
l
2
N
o
r
m

R
o
o
G
a
u
s
s
i
a
n

B
a
c
k
g
r
o
u
n
d
_
p
T
_
T
C

R
o
o
R
e
a
l
V
a
r

b
k
g
_
p
t
T
C
S

R
o
o
R
e
a
l
V
a
r

b
k
g
_
p
t
T
a
i
l
T
C
N
o
r
m

H
fi
t
t
e
r
:
:
H
f
t
P
o
l
y
E
x
p

B
a
c
k
g
r
o
u
n
d
_
p
T
_
2
_
{
e
t
a
G
o
o
d
;
n
o
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
R
e
a
l
V
a
r

b
k
g
_
p
t
P
o
w
2
_
n
o
J
e
t
s

R
o
o
R
e
a
l
V
a
r

b
k
g
_
p
t
E
x
p
2
_
n
o
J
e
t
s

H
fi
t
t
e
r
:
:
H
f
t
P
o
l
y
E
x
p

B
a
c
k
g
r
o
u
n
d
_
p
T
_
1
_
{
e
t
a
G
o
o
d
;
n
o
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
R
e
a
l
V
a
r

b
k
g
_
p
t
P
o
w
1
_
n
o
J
e
t
s

R
o
o
R
e
a
l
V
a
r

b
k
g
_
p
t
E
x
p
1
_
n
o
J
e
t
s

R
o
o
R
e
a
l
V
a
r

b
k
g
_
p
t
T
a
i
l
1
N
o
r
m
_
n
o
J
e
t
s

R
o
o
P
r
o
d
P
d
f

S
i
g
n
a
l
_
{
e
t
a
G
o
o
d
;
n
o
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
A
d
d
P
d
f

S
i
g
n
a
l
_
m
g
g
_
{
e
t
a
G
o
o
d
;
n
o
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
G
a
u
s
s
i
a
n

S
i
g
n
a
l
_
m
g
g
_
T
a
i
l

R
o
o
R
e
a
l
V
a
r

m
T
a
i
l

R
o
o
R
e
a
l
V
a
r

s
i
g
T
a
i
l

R
o
o
C
B
S
h
a
p
e

S
i
g
n
a
l
_
m
g
g
_
P
e
a
k
_
{
e
t
a
G
o
o
d
;
n
o
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
F
o
r
m
u
l
a
V
a
r

m
H
i
g
g
s
F
o
r
m
u
l
a
_
{
e
t
a
G
o
o
d
;
n
o
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
R
e
a
l
V
a
r

m
H
i
g
g
s

R
o
o
R
e
a
l
V
a
r

d
m
H
i
g
g
s
_
{
e
t
a
G
o
o
d
;
n
o
C
o
n
v
}

R
o
o
R
e
a
l
V
a
r

m
R
e
s
_
{
e
t
a
G
o
o
d
;
n
o
C
o
n
v
}

R
o
o
R
e
a
l
V
a
r

t
a
i
l
A
l
p
h
a
_
{
e
t
a
G
o
o
d
;
n
o
C
o
n
v
}

R
o
o
R
e
a
l
V
a
r

t
a
i
l
N
_
{
e
t
a
G
o
o
d
;
n
o
C
o
n
v
}

R
o
o
R
e
a
l
V
a
r

m
g
g
R
e
l
N
o
r
m
_
{
e
t
a
G
o
o
d
;
n
o
C
o
n
v
}

R
o
o
A
d
d
P
d
f

S
i
g
n
a
l
_
c
o
s
T
h
S
t
a
r
_
{
e
t
a
G
o
o
d
;
n
o
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
G
a
u
s
s
i
a
n

S
i
g
n
a
l
c
s
t
h
s
t
r
_
1
_
{
e
t
a
G
o
o
d
;
n
o
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
R
e
a
l
V
a
r

s
i
g
_
c
s
t
h
s
t
r
S
i
g
m
a
_
1

R
o
o
R
e
a
l
V
a
r

s
i
g
_
c
s
t
h
s
t
r
0
_
1
_
{
e
t
a
G
o
o
d
;
n
o
J
e
t
s
}

R
o
o
G
a
u
s
s
i
a
n

S
i
g
n
a
l
c
s
t
h
s
t
r
_
2
_
{
e
t
a
G
o
o
d
;
n
o
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
R
e
a
l
V
a
r

s
i
g
_
c
s
t
h
s
t
r
S
i
g
m
a
_
2

R
o
o
R
e
a
l
V
a
r

s
i
g
_
c
s
t
h
s
t
r
0
_
2
_
{
e
t
a
G
o
o
d
;
n
o
J
e
t
s
}

R
o
o
R
e
a
l
V
a
r

s
i
g
_
c
s
t
h
s
t
r
R
e
l
N
o
r
m
_
1
_
{
e
t
a
G
o
o
d
;
n
o
J
e
t
s
}

R
o
o
A
d
d
P
d
f

S
i
g
n
a
l
_
p
T
_
{
e
t
a
G
o
o
d
;
n
o
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
B
i
f
u
r
G
a
u
s
s

S
i
g
n
a
l
p
T
_
4

R
o
o
R
e
a
l
V
a
r

s
i
g
_
p
t
0
_
4

R
o
o
R
e
a
l
V
a
r

s
i
g
_
p
t
S
i
g
m
a
L
_
4

R
o
o
R
e
a
l
V
a
r

s
i
g
_
p
t
S
i
g
m
a
R
_
4

R
o
o
R
e
a
l
V
a
r

s
i
g
_
p
t
R
e
l
N
o
r
m
_
4

R
o
o
B
i
f
u
r
G
a
u
s
s

S
i
g
n
a
l
p
T
_
1
_
{
e
t
a
G
o
o
d
;
n
o
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
R
e
a
l
V
a
r

s
i
g
_
p
t
0
_
1
_
n
o
J
e
t
s

R
o
o
R
e
a
l
V
a
r

s
i
g
_
p
t
S
i
g
m
a
L
_
1
_
n
o
J
e
t
s

R
o
o
R
e
a
l
V
a
r

s
i
g
_
p
t
S
i
g
m
a
R
_
1
_
n
o
J
e
t
s

R
o
o
G
a
u
s
s
i
a
n

S
i
g
n
a
l
p
T
_
2
_
{
e
t
a
G
o
o
d
;
n
o
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
R
e
a
l
V
a
r

s
i
g
_
p
t
0
_
2
_
n
o
J
e
t
s

R
o
o
R
e
a
l
V
a
r

s
i
g
_
p
t
S
i
g
m
a
_
2
_
n
o
J
e
t
s

R
o
o
G
a
u
s
s
i
a
n

S
i
g
n
a
l
p
T
_
3
_
{
e
t
a
G
o
o
d
;
n
o
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
R
e
a
l
V
a
r

s
i
g
_
p
t
0
_
3
_
n
o
J
e
t
s

R
o
o
R
e
a
l
V
a
r

s
i
g
_
p
t
S
i
g
m
a
_
3
_
n
o
J
e
t
s

R
o
o
R
e
a
l
V
a
r

s
i
g
_
p
t
R
e
l
N
o
r
m
_
1
_
n
o
J
e
t
s

R
o
o
R
e
a
l
V
a
r

s
i
g
_
p
t
R
e
l
N
o
r
m
_
2
_
n
o
J
e
t
s

R
o
o
R
e
a
l
V
a
r

n
_
B
a
c
k
g
r
o
u
n
d
_
{
e
t
a
G
o
o
d
;
n
o
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
F
o
r
m
u
l
a
V
a
r

n
C
a
t
_
S
i
g
n
a
l
_
{
e
t
a
G
o
o
d
;
n
o
C
o
n
v
;
n
o
J
e
t
s
}
_
r
e
p
a
r
a
m
e
t
r
i
z
e
d
_
h
g
g

R
o
o
R
e
a
l
V
a
r

f
_
S
i
g
n
a
l
_
{
e
t
a
G
o
o
d
;
n
o
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
P
r
o
d
u
c
t

n
e
w
_
n
_
S
i
g
n
a
l

R
o
o
R
e
a
l
V
a
r

m
u

R
o
o
R
e
a
l
V
a
r

n
_
S
i
g
n
a
l

R
o
o
A
d
d
P
d
f

s
u
m
P
d
f
_
{
e
t
a
M
e
d
;
n
o
C
o
n
v
;
n
o
J
e
t
s
}
_
r
e
p
a
r
a
m
e
t
r
i
z
e
d
_
h
g
g

R
o
o
P
r
o
d
P
d
f

B
a
c
k
g
r
o
u
n
d
_
{
e
t
a
M
e
d
;
n
o
C
o
n
v
;
n
o
J
e
t
s
}

H
fi
t
t
e
r
:
:
M
g
g
B
k
g
P
d
f

B
a
c
k
g
r
o
u
n
d
_
m
g
g
_
{
e
t
a
M
e
d
;
n
o
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
A
d
d
P
d
f

B
a
c
k
g
r
o
u
n
d
_
c
o
s
T
h
S
t
a
r
_
{
e
t
a
M
e
d
;
n
o
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
G
a
u
s
s
i
a
n

B
a
c
k
g
r
o
u
n
d
_
b
u
m
p
_
c
o
s
T
h
S
t
a
r
_
1
_
{
e
t
a
M
e
d
;
n
o
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
R
e
a
l
V
a
r

b
k
g
_
c
s
t
h
0
1
_
{
e
t
a
M
e
d
;
n
o
J
e
t
s
}

R
o
o
R
e
a
l
V
a
r

b
k
g
_
c
s
t
h
S
i
g
m
a
1
_
{
e
t
a
M
e
d
;
n
o
J
e
t
s
}

H
fi
t
t
e
r
:
:
H
f
t
P
e
g
g
e
d
P
o
l
y

B
a
c
k
g
r
o
u
n
d
_
p
o
l
y
_
c
o
s
T
h
S
t
a
r
_
{
e
t
a
M
e
d
;
n
o
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
R
e
a
l
V
a
r

b
k
g
_
c
s
t
h
P
o
w
e
r
_
{
e
t
a
M
e
d
;
n
o
J
e
t
s
}

R
o
o
R
e
a
l
V
a
r

b
k
g
_
c
s
t
h
C
o
e
f
1
_
{
e
t
a
M
e
d
;
n
o
J
e
t
s
}

R
o
o
R
e
a
l
V
a
r

b
k
g
_
c
s
t
h
C
o
e
f
2
_
{
e
t
a
M
e
d
;
n
o
J
e
t
s
}

R
o
o
R
e
a
l
V
a
r

b
k
g
_
c
s
t
h
C
o
e
f
4
_
{
e
t
a
M
e
d
;
n
o
J
e
t
s
}

R
o
o
R
e
a
l
V
a
r

b
k
g
_
c
s
t
h
C
o
e
f
6
_
{
e
t
a
M
e
d
;
n
o
J
e
t
s
}

R
o
o
R
e
a
l
V
a
r

b
k
g
_
c
s
t
h
R
e
l
N
o
r
m
1
_
{
e
t
a
M
e
d
;
n
o
J
e
t
s
}

R
o
o
A
d
d
P
d
f

B
a
c
k
g
r
o
u
n
d
_
p
T
_
{
e
t
a
M
e
d
;
n
o
C
o
n
v
;
n
o
J
e
t
s
}

H
fi
t
t
e
r
:
:
H
f
t
P
o
l
y
E
x
p

B
a
c
k
g
r
o
u
n
d
_
p
T
_
2
_
{
e
t
a
M
e
d
;
n
o
C
o
n
v
;
n
o
J
e
t
s
}

H
fi
t
t
e
r
:
:
H
f
t
P
o
l
y
E
x
p

B
a
c
k
g
r
o
u
n
d
_
p
T
_
1
_
{
e
t
a
M
e
d
;
n
o
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
P
r
o
d
P
d
f

S
i
g
n
a
l
_
{
e
t
a
M
e
d
;
n
o
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
A
d
d
P
d
f

S
i
g
n
a
l
_
m
g
g
_
{
e
t
a
M
e
d
;
n
o
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
C
B
S
h
a
p
e

S
i
g
n
a
l
_
m
g
g
_
P
e
a
k
_
{
e
t
a
M
e
d
;
n
o
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
F
o
r
m
u
l
a
V
a
r

m
H
i
g
g
s
F
o
r
m
u
l
a
_
{
e
t
a
M
e
d
;
n
o
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
R
e
a
l
V
a
r

d
m
H
i
g
g
s
_
{
e
t
a
M
e
d
;
n
o
C
o
n
v
}

R
o
o
R
e
a
l
V
a
r

m
R
e
s
_
{
e
t
a
M
e
d
;
n
o
C
o
n
v
}

R
o
o
R
e
a
l
V
a
r

t
a
i
l
A
l
p
h
a
_
{
e
t
a
M
e
d
;
n
o
C
o
n
v
}

R
o
o
R
e
a
l
V
a
r

t
a
i
l
N
_
{
e
t
a
M
e
d
;
n
o
C
o
n
v
}

R
o
o
R
e
a
l
V
a
r

m
g
g
R
e
l
N
o
r
m
_
{
e
t
a
M
e
d
;
n
o
C
o
n
v
}

R
o
o
A
d
d
P
d
f

S
i
g
n
a
l
_
c
o
s
T
h
S
t
a
r
_
{
e
t
a
M
e
d
;
n
o
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
G
a
u
s
s
i
a
n

S
i
g
n
a
l
c
s
t
h
s
t
r
_
1
_
{
e
t
a
M
e
d
;
n
o
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
R
e
a
l
V
a
r

s
i
g
_
c
s
t
h
s
t
r
0
_
1
_
{
e
t
a
M
e
d
;
n
o
J
e
t
s
}

R
o
o
G
a
u
s
s
i
a
n

S
i
g
n
a
l
c
s
t
h
s
t
r
_
2
_
{
e
t
a
M
e
d
;
n
o
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
R
e
a
l
V
a
r

s
i
g
_
c
s
t
h
s
t
r
0
_
2
_
{
e
t
a
M
e
d
;
n
o
J
e
t
s
}

R
o
o
R
e
a
l
V
a
r

s
i
g
_
c
s
t
h
s
t
r
R
e
l
N
o
r
m
_
1
_
{
e
t
a
M
e
d
;
n
o
J
e
t
s
}

R
o
o
A
d
d
P
d
f

S
i
g
n
a
l
_
p
T
_
{
e
t
a
M
e
d
;
n
o
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
B
i
f
u
r
G
a
u
s
s

S
i
g
n
a
l
p
T
_
1
_
{
e
t
a
M
e
d
;
n
o
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
G
a
u
s
s
i
a
n

S
i
g
n
a
l
p
T
_
2
_
{
e
t
a
M
e
d
;
n
o
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
G
a
u
s
s
i
a
n

S
i
g
n
a
l
p
T
_
3
_
{
e
t
a
M
e
d
;
n
o
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
R
e
a
l
V
a
r

n
_
B
a
c
k
g
r
o
u
n
d
_
{
e
t
a
M
e
d
;
n
o
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
F
o
r
m
u
l
a
V
a
r

n
C
a
t
_
S
i
g
n
a
l
_
{
e
t
a
M
e
d
;
n
o
C
o
n
v
;
n
o
J
e
t
s
}
_
r
e
p
a
r
a
m
e
t
r
i
z
e
d
_
h
g
g

R
o
o
R
e
a
l
V
a
r

f
_
S
i
g
n
a
l
_
{
e
t
a
M
e
d
;
n
o
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
A
d
d
P
d
f

s
u
m
P
d
f
_
{
e
t
a
B
a
d
;
n
o
C
o
n
v
;
n
o
J
e
t
s
}
_
r
e
p
a
r
a
m
e
t
r
i
z
e
d
_
h
g
g

R
o
o
P
r
o
d
P
d
f

B
a
c
k
g
r
o
u
n
d
_
{
e
t
a
B
a
d
;
n
o
C
o
n
v
;
n
o
J
e
t
s
}

H
fi
t
t
e
r
:
:
M
g
g
B
k
g
P
d
f

B
a
c
k
g
r
o
u
n
d
_
m
g
g
_
{
e
t
a
B
a
d
;
n
o
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
A
d
d
P
d
f

B
a
c
k
g
r
o
u
n
d
_
c
o
s
T
h
S
t
a
r
_
{
e
t
a
B
a
d
;
n
o
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
G
a
u
s
s
i
a
n

B
a
c
k
g
r
o
u
n
d
_
b
u
m
p
_
c
o
s
T
h
S
t
a
r
_
1
_
{
e
t
a
B
a
d
;
n
o
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
R
e
a
l
V
a
r

b
k
g
_
c
s
t
h
0
1
_
{
e
t
a
B
a
d
;
n
o
J
e
t
s
}

R
o
o
R
e
a
l
V
a
r

b
k
g
_
c
s
t
h
S
i
g
m
a
1
_
{
e
t
a
B
a
d
;
n
o
J
e
t
s
}

H
fi
t
t
e
r
:
:
H
f
t
P
e
g
g
e
d
P
o
l
y

B
a
c
k
g
r
o
u
n
d
_
p
o
l
y
_
c
o
s
T
h
S
t
a
r
_
{
e
t
a
B
a
d
;
n
o
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
R
e
a
l
V
a
r

b
k
g
_
c
s
t
h
P
o
w
e
r
_
{
e
t
a
B
a
d
;
n
o
J
e
t
s
}

R
o
o
R
e
a
l
V
a
r

b
k
g
_
c
s
t
h
C
o
e
f
1
_
{
e
t
a
B
a
d
;
n
o
J
e
t
s
}

R
o
o
R
e
a
l
V
a
r

b
k
g
_
c
s
t
h
C
o
e
f
2
_
{
e
t
a
B
a
d
;
n
o
J
e
t
s
}

R
o
o
R
e
a
l
V
a
r

b
k
g
_
c
s
t
h
C
o
e
f
4
_
{
e
t
a
B
a
d
;
n
o
J
e
t
s
}

R
o
o
R
e
a
l
V
a
r

b
k
g
_
c
s
t
h
C
o
e
f
6
_
{
e
t
a
B
a
d
;
n
o
J
e
t
s
}

R
o
o
R
e
a
l
V
a
r

b
k
g
_
c
s
t
h
R
e
l
N
o
r
m
1
_
{
e
t
a
B
a
d
;
n
o
J
e
t
s
}

R
o
o
A
d
d
P
d
f

B
a
c
k
g
r
o
u
n
d
_
p
T
_
{
e
t
a
B
a
d
;
n
o
C
o
n
v
;
n
o
J
e
t
s
}

H
fi
t
t
e
r
:
:
H
f
t
P
o
l
y
E
x
p

B
a
c
k
g
r
o
u
n
d
_
p
T
_
2
_
{
e
t
a
B
a
d
;
n
o
C
o
n
v
;
n
o
J
e
t
s
}

H
fi
t
t
e
r
:
:
H
f
t
P
o
l
y
E
x
p

B
a
c
k
g
r
o
u
n
d
_
p
T
_
1
_
{
e
t
a
B
a
d
;
n
o
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
P
r
o
d
P
d
f

S
i
g
n
a
l
_
{
e
t
a
B
a
d
;
n
o
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
A
d
d
P
d
f

S
i
g
n
a
l
_
m
g
g
_
{
e
t
a
B
a
d
;
n
o
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
C
B
S
h
a
p
e

S
i
g
n
a
l
_
m
g
g
_
P
e
a
k
_
{
e
t
a
B
a
d
;
n
o
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
F
o
r
m
u
l
a
V
a
r

m
H
i
g
g
s
F
o
r
m
u
l
a
_
{
e
t
a
B
a
d
;
n
o
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
R
e
a
l
V
a
r

d
m
H
i
g
g
s
_
{
e
t
a
B
a
d
;
n
o
C
o
n
v
}

R
o
o
R
e
a
l
V
a
r

m
R
e
s
_
{
e
t
a
B
a
d
;
n
o
C
o
n
v
}

R
o
o
R
e
a
l
V
a
r

t
a
i
l
A
l
p
h
a
_
{
e
t
a
B
a
d
;
n
o
C
o
n
v
}

R
o
o
R
e
a
l
V
a
r

t
a
i
l
N
_
{
e
t
a
B
a
d
;
n
o
C
o
n
v
}

R
o
o
R
e
a
l
V
a
r

m
g
g
R
e
l
N
o
r
m
_
{
e
t
a
B
a
d
;
n
o
C
o
n
v
}

R
o
o
A
d
d
P
d
f

S
i
g
n
a
l
_
c
o
s
T
h
S
t
a
r
_
{
e
t
a
B
a
d
;
n
o
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
G
a
u
s
s
i
a
n

S
i
g
n
a
l
c
s
t
h
s
t
r
_
1
_
{
e
t
a
B
a
d
;
n
o
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
R
e
a
l
V
a
r

s
i
g
_
c
s
t
h
s
t
r
0
_
1
_
{
e
t
a
B
a
d
;
n
o
J
e
t
s
}

R
o
o
G
a
u
s
s
i
a
n

S
i
g
n
a
l
c
s
t
h
s
t
r
_
2
_
{
e
t
a
B
a
d
;
n
o
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
R
e
a
l
V
a
r

s
i
g
_
c
s
t
h
s
t
r
0
_
2
_
{
e
t
a
B
a
d
;
n
o
J
e
t
s
}

R
o
o
R
e
a
l
V
a
r

s
i
g
_
c
s
t
h
s
t
r
R
e
l
N
o
r
m
_
1
_
{
e
t
a
B
a
d
;
n
o
J
e
t
s
}

R
o
o
A
d
d
P
d
f

S
i
g
n
a
l
_
p
T
_
{
e
t
a
B
a
d
;
n
o
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
B
i
f
u
r
G
a
u
s
s

S
i
g
n
a
l
p
T
_
1
_
{
e
t
a
B
a
d
;
n
o
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
G
a
u
s
s
i
a
n

S
i
g
n
a
l
p
T
_
2
_
{
e
t
a
B
a
d
;
n
o
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
G
a
u
s
s
i
a
n

S
i
g
n
a
l
p
T
_
3
_
{
e
t
a
B
a
d
;
n
o
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
R
e
a
l
V
a
r

n
_
B
a
c
k
g
r
o
u
n
d
_
{
e
t
a
B
a
d
;
n
o
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
F
o
r
m
u
l
a
V
a
r

n
C
a
t
_
S
i
g
n
a
l
_
{
e
t
a
B
a
d
;
n
o
C
o
n
v
;
n
o
J
e
t
s
}
_
r
e
p
a
r
a
m
e
t
r
i
z
e
d
_
h
g
g

R
o
o
R
e
a
l
V
a
r

f
_
S
i
g
n
a
l
_
{
e
t
a
B
a
d
;
n
o
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
A
d
d
P
d
f

s
u
m
P
d
f
_
{
e
t
a
G
o
o
d
;
C
o
n
v
;
n
o
J
e
t
s
}
_
r
e
p
a
r
a
m
e
t
r
i
z
e
d
_
h
g
g

R
o
o
P
r
o
d
P
d
f

B
a
c
k
g
r
o
u
n
d
_
{
e
t
a
G
o
o
d
;
C
o
n
v
;
n
o
J
e
t
s
}

H
fi
t
t
e
r
:
:
M
g
g
B
k
g
P
d
f

B
a
c
k
g
r
o
u
n
d
_
m
g
g
_
{
e
t
a
G
o
o
d
;
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
A
d
d
P
d
f

B
a
c
k
g
r
o
u
n
d
_
c
o
s
T
h
S
t
a
r
_
{
e
t
a
G
o
o
d
;
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
G
a
u
s
s
i
a
n

B
a
c
k
g
r
o
u
n
d
_
b
u
m
p
_
c
o
s
T
h
S
t
a
r
_
1
_
{
e
t
a
G
o
o
d
;
C
o
n
v
;
n
o
J
e
t
s
}

H
fi
t
t
e
r
:
:
H
f
t
P
e
g
g
e
d
P
o
l
y

B
a
c
k
g
r
o
u
n
d
_
p
o
l
y
_
c
o
s
T
h
S
t
a
r
_
{
e
t
a
G
o
o
d
;
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
A
d
d
P
d
f

B
a
c
k
g
r
o
u
n
d
_
p
T
_
{
e
t
a
G
o
o
d
;
C
o
n
v
;
n
o
J
e
t
s
}

H
fi
t
t
e
r
:
:
H
f
t
P
o
l
y
E
x
p

B
a
c
k
g
r
o
u
n
d
_
p
T
_
2
_
{
e
t
a
G
o
o
d
;
C
o
n
v
;
n
o
J
e
t
s
}

H
fi
t
t
e
r
:
:
H
f
t
P
o
l
y
E
x
p

B
a
c
k
g
r
o
u
n
d
_
p
T
_
1
_
{
e
t
a
G
o
o
d
;
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
P
r
o
d
P
d
f

S
i
g
n
a
l
_
{
e
t
a
G
o
o
d
;
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
A
d
d
P
d
f

S
i
g
n
a
l
_
m
g
g
_
{
e
t
a
G
o
o
d
;
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
C
B
S
h
a
p
e

S
i
g
n
a
l
_
m
g
g
_
P
e
a
k
_
{
e
t
a
G
o
o
d
;
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
F
o
r
m
u
l
a
V
a
r

m
H
i
g
g
s
F
o
r
m
u
l
a
_
{
e
t
a
G
o
o
d
;
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
R
e
a
l
V
a
r

d
m
H
i
g
g
s
_
{
e
t
a
G
o
o
d
;
C
o
n
v
}

R
o
o
R
e
a
l
V
a
r

m
R
e
s
_
{
e
t
a
G
o
o
d
;
C
o
n
v
}

R
o
o
R
e
a
l
V
a
r

t
a
i
l
A
l
p
h
a
_
{
e
t
a
G
o
o
d
;
C
o
n
v
}

R
o
o
R
e
a
l
V
a
r

t
a
i
l
N
_
{
e
t
a
G
o
o
d
;
C
o
n
v
}

R
o
o
R
e
a
l
V
a
r

m
g
g
R
e
l
N
o
r
m
_
{
e
t
a
G
o
o
d
;
C
o
n
v
}

R
o
o
A
d
d
P
d
f

S
i
g
n
a
l
_
c
o
s
T
h
S
t
a
r
_
{
e
t
a
G
o
o
d
;
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
G
a
u
s
s
i
a
n

S
i
g
n
a
l
c
s
t
h
s
t
r
_
1
_
{
e
t
a
G
o
o
d
;
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
G
a
u
s
s
i
a
n

S
i
g
n
a
l
c
s
t
h
s
t
r
_
2
_
{
e
t
a
G
o
o
d
;
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
A
d
d
P
d
f

S
i
g
n
a
l
_
p
T
_
{
e
t
a
G
o
o
d
;
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
B
i
f
u
r
G
a
u
s
s

S
i
g
n
a
l
p
T
_
1
_
{
e
t
a
G
o
o
d
;
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
G
a
u
s
s
i
a
n

S
i
g
n
a
l
p
T
_
2
_
{
e
t
a
G
o
o
d
;
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
G
a
u
s
s
i
a
n

S
i
g
n
a
l
p
T
_
3
_
{
e
t
a
G
o
o
d
;
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
R
e
a
l
V
a
r

n
_
B
a
c
k
g
r
o
u
n
d
_
{
e
t
a
G
o
o
d
;
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
F
o
r
m
u
l
a
V
a
r

n
C
a
t
_
S
i
g
n
a
l
_
{
e
t
a
G
o
o
d
;
C
o
n
v
;
n
o
J
e
t
s
}
_
r
e
p
a
r
a
m
e
t
r
i
z
e
d
_
h
g
g

R
o
o
R
e
a
l
V
a
r

f
_
S
i
g
n
a
l
_
{
e
t
a
G
o
o
d
;
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
A
d
d
P
d
f

s
u
m
P
d
f
_
{
e
t
a
M
e
d
;
C
o
n
v
;
n
o
J
e
t
s
}
_
r
e
p
a
r
a
m
e
t
r
i
z
e
d
_
h
g
g

R
o
o
P
r
o
d
P
d
f

B
a
c
k
g
r
o
u
n
d
_
{
e
t
a
M
e
d
;
C
o
n
v
;
n
o
J
e
t
s
}

H
fi
t
t
e
r
:
:
M
g
g
B
k
g
P
d
f

B
a
c
k
g
r
o
u
n
d
_
m
g
g
_
{
e
t
a
M
e
d
;
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
A
d
d
P
d
f

B
a
c
k
g
r
o
u
n
d
_
c
o
s
T
h
S
t
a
r
_
{
e
t
a
M
e
d
;
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
G
a
u
s
s
i
a
n

B
a
c
k
g
r
o
u
n
d
_
b
u
m
p
_
c
o
s
T
h
S
t
a
r
_
1
_
{
e
t
a
M
e
d
;
C
o
n
v
;
n
o
J
e
t
s
}

H
fi
t
t
e
r
:
:
H
f
t
P
e
g
g
e
d
P
o
l
y

B
a
c
k
g
r
o
u
n
d
_
p
o
l
y
_
c
o
s
T
h
S
t
a
r
_
{
e
t
a
M
e
d
;
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
A
d
d
P
d
f

B
a
c
k
g
r
o
u
n
d
_
p
T
_
{
e
t
a
M
e
d
;
C
o
n
v
;
n
o
J
e
t
s
}

H
fi
t
t
e
r
:
:
H
f
t
P
o
l
y
E
x
p

B
a
c
k
g
r
o
u
n
d
_
p
T
_
2
_
{
e
t
a
M
e
d
;
C
o
n
v
;
n
o
J
e
t
s
}

H
fi
t
t
e
r
:
:
H
f
t
P
o
l
y
E
x
p

B
a
c
k
g
r
o
u
n
d
_
p
T
_
1
_
{
e
t
a
M
e
d
;
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
P
r
o
d
P
d
f

S
i
g
n
a
l
_
{
e
t
a
M
e
d
;
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
A
d
d
P
d
f

S
i
g
n
a
l
_
m
g
g
_
{
e
t
a
M
e
d
;
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
C
B
S
h
a
p
e

S
i
g
n
a
l
_
m
g
g
_
P
e
a
k
_
{
e
t
a
M
e
d
;
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
F
o
r
m
u
l
a
V
a
r

m
H
i
g
g
s
F
o
r
m
u
l
a
_
{
e
t
a
M
e
d
;
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
R
e
a
l
V
a
r

d
m
H
i
g
g
s
_
{
e
t
a
M
e
d
;
C
o
n
v
}

R
o
o
R
e
a
l
V
a
r

m
R
e
s
_
{
e
t
a
M
e
d
;
C
o
n
v
}

R
o
o
R
e
a
l
V
a
r

t
a
i
l
A
l
p
h
a
_
{
e
t
a
M
e
d
;
C
o
n
v
}

R
o
o
R
e
a
l
V
a
r

t
a
i
l
N
_
{
e
t
a
M
e
d
;
C
o
n
v
}

R
o
o
R
e
a
l
V
a
r

m
g
g
R
e
l
N
o
r
m
_
{
e
t
a
M
e
d
;
C
o
n
v
}

R
o
o
A
d
d
P
d
f

S
i
g
n
a
l
_
c
o
s
T
h
S
t
a
r
_
{
e
t
a
M
e
d
;
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
G
a
u
s
s
i
a
n

S
i
g
n
a
l
c
s
t
h
s
t
r
_
1
_
{
e
t
a
M
e
d
;
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
G
a
u
s
s
i
a
n

S
i
g
n
a
l
c
s
t
h
s
t
r
_
2
_
{
e
t
a
M
e
d
;
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
A
d
d
P
d
f

S
i
g
n
a
l
_
p
T
_
{
e
t
a
M
e
d
;
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
B
i
f
u
r
G
a
u
s
s

S
i
g
n
a
l
p
T
_
1
_
{
e
t
a
M
e
d
;
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
G
a
u
s
s
i
a
n

S
i
g
n
a
l
p
T
_
2
_
{
e
t
a
M
e
d
;
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
G
a
u
s
s
i
a
n

S
i
g
n
a
l
p
T
_
3
_
{
e
t
a
M
e
d
;
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
R
e
a
l
V
a
r

n
_
B
a
c
k
g
r
o
u
n
d
_
{
e
t
a
M
e
d
;
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
F
o
r
m
u
l
a
V
a
r

n
C
a
t
_
S
i
g
n
a
l
_
{
e
t
a
M
e
d
;
C
o
n
v
;
n
o
J
e
t
s
}
_
r
e
p
a
r
a
m
e
t
r
i
z
e
d
_
h
g
g

R
o
o
R
e
a
l
V
a
r

f
_
S
i
g
n
a
l
_
{
e
t
a
M
e
d
;
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
A
d
d
P
d
f

s
u
m
P
d
f
_
{
e
t
a
B
a
d
;
C
o
n
v
;
n
o
J
e
t
s
}
_
r
e
p
a
r
a
m
e
t
r
i
z
e
d
_
h
g
g

R
o
o
P
r
o
d
P
d
f

B
a
c
k
g
r
o
u
n
d
_
{
e
t
a
B
a
d
;
C
o
n
v
;
n
o
J
e
t
s
}

H
fi
t
t
e
r
:
:
M
g
g
B
k
g
P
d
f

B
a
c
k
g
r
o
u
n
d
_
m
g
g
_
{
e
t
a
B
a
d
;
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
A
d
d
P
d
f

B
a
c
k
g
r
o
u
n
d
_
c
o
s
T
h
S
t
a
r
_
{
e
t
a
B
a
d
;
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
G
a
u
s
s
i
a
n

B
a
c
k
g
r
o
u
n
d
_
b
u
m
p
_
c
o
s
T
h
S
t
a
r
_
1
_
{
e
t
a
B
a
d
;
C
o
n
v
;
n
o
J
e
t
s
}

H
fi
t
t
e
r
:
:
H
f
t
P
e
g
g
e
d
P
o
l
y

B
a
c
k
g
r
o
u
n
d
_
p
o
l
y
_
c
o
s
T
h
S
t
a
r
_
{
e
t
a
B
a
d
;
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
A
d
d
P
d
f

B
a
c
k
g
r
o
u
n
d
_
p
T
_
{
e
t
a
B
a
d
;
C
o
n
v
;
n
o
J
e
t
s
}

H
fi
t
t
e
r
:
:
H
f
t
P
o
l
y
E
x
p

B
a
c
k
g
r
o
u
n
d
_
p
T
_
2
_
{
e
t
a
B
a
d
;
C
o
n
v
;
n
o
J
e
t
s
}

H
fi
t
t
e
r
:
:
H
f
t
P
o
l
y
E
x
p

B
a
c
k
g
r
o
u
n
d
_
p
T
_
1
_
{
e
t
a
B
a
d
;
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
P
r
o
d
P
d
f

S
i
g
n
a
l
_
{
e
t
a
B
a
d
;
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
A
d
d
P
d
f

S
i
g
n
a
l
_
m
g
g
_
{
e
t
a
B
a
d
;
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
C
B
S
h
a
p
e

S
i
g
n
a
l
_
m
g
g
_
P
e
a
k
_
{
e
t
a
B
a
d
;
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
F
o
r
m
u
l
a
V
a
r

m
H
i
g
g
s
F
o
r
m
u
l
a
_
{
e
t
a
B
a
d
;
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
R
e
a
l
V
a
r

d
m
H
i
g
g
s
_
{
e
t
a
B
a
d
;
C
o
n
v
}

R
o
o
R
e
a
l
V
a
r

m
R
e
s
_
{
e
t
a
B
a
d
;
C
o
n
v
}

R
o
o
R
e
a
l
V
a
r

t
a
i
l
A
l
p
h
a
_
{
e
t
a
B
a
d
;
C
o
n
v
}

R
o
o
R
e
a
l
V
a
r

t
a
i
l
N
_
{
e
t
a
B
a
d
;
C
o
n
v
}

R
o
o
R
e
a
l
V
a
r

m
g
g
R
e
l
N
o
r
m
_
{
e
t
a
B
a
d
;
C
o
n
v
}

R
o
o
A
d
d
P
d
f

S
i
g
n
a
l
_
c
o
s
T
h
S
t
a
r
_
{
e
t
a
B
a
d
;
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
G
a
u
s
s
i
a
n

S
i
g
n
a
l
c
s
t
h
s
t
r
_
1
_
{
e
t
a
B
a
d
;
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
G
a
u
s
s
i
a
n

S
i
g
n
a
l
c
s
t
h
s
t
r
_
2
_
{
e
t
a
B
a
d
;
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
A
d
d
P
d
f

S
i
g
n
a
l
_
p
T
_
{
e
t
a
B
a
d
;
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
B
i
f
u
r
G
a
u
s
s

S
i
g
n
a
l
p
T
_
1
_
{
e
t
a
B
a
d
;
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
G
a
u
s
s
i
a
n

S
i
g
n
a
l
p
T
_
2
_
{
e
t
a
B
a
d
;
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
G
a
u
s
s
i
a
n

S
i
g
n
a
l
p
T
_
3
_
{
e
t
a
B
a
d
;
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
R
e
a
l
V
a
r

n
_
B
a
c
k
g
r
o
u
n
d
_
{
e
t
a
B
a
d
;
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
F
o
r
m
u
l
a
V
a
r

n
C
a
t
_
S
i
g
n
a
l
_
{
e
t
a
B
a
d
;
C
o
n
v
;
n
o
J
e
t
s
}
_
r
e
p
a
r
a
m
e
t
r
i
z
e
d
_
h
g
g

R
o
o
R
e
a
l
V
a
r

f
_
S
i
g
n
a
l
_
{
e
t
a
B
a
d
;
C
o
n
v
;
n
o
J
e
t
s
}

R
o
o
A
d
d
P
d
f

s
u
m
P
d
f
_
{
e
t
a
G
o
o
d
;
n
o
C
o
n
v
;
j
e
t
}
_
r
e
p
a
r
a
m
e
t
r
i
z
e
d
_
h
g
g

R
o
o
P
r
o
d
P
d
f

B
a
c
k
g
r
o
u
n
d
_
{
e
t
a
G
o
o
d
;
n
o
C
o
n
v
;
j
e
t
}

H
fi
t
t
e
r
:
:
M
g
g
B
k
g
P
d
f

B
a
c
k
g
r
o
u
n
d
_
m
g
g
_
{
e
t
a
G
o
o
d
;
n
o
C
o
n
v
;
j
e
t
}

R
o
o
R
e
a
l
V
a
r

x
i
_
j
e
t

R
o
o
A
d
d
P
d
f

B
a
c
k
g
r
o
u
n
d
_
c
o
s
T
h
S
t
a
r
_
{
e
t
a
G
o
o
d
;
n
o
C
o
n
v
;
j
e
t
}

R
o
o
G
a
u
s
s
i
a
n

B
a
c
k
g
r
o
u
n
d
_
b
u
m
p
_
c
o
s
T
h
S
t
a
r
_
1
_
{
e
t
a
G
o
o
d
;
n
o
C
o
n
v
;
j
e
t
}

R
o
o
R
e
a
l
V
a
r

b
k
g
_
c
s
t
h
0
1
_
{
e
t
a
G
o
o
d
;
j
e
t
}

R
o
o
R
e
a
l
V
a
r

b
k
g
_
c
s
t
h
S
i
g
m
a
1
_
{
e
t
a
G
o
o
d
;
j
e
t
}

H
fi
t
t
e
r
:
:
H
f
t
P
e
g
g
e
d
P
o
l
y

B
a
c
k
g
r
o
u
n
d
_
p
o
l
y
_
c
o
s
T
h
S
t
a
r
_
{
e
t
a
G
o
o
d
;
n
o
C
o
n
v
;
j
e
t
}

R
o
o
R
e
a
l
V
a
r

b
k
g
_
c
s
t
h
R
e
l
N
o
r
m
1
_
{
e
t
a
G
o
o
d
;
j
e
t
}

R
o
o
A
d
d
P
d
f

B
a
c
k
g
r
o
u
n
d
_
p
T
_
{
e
t
a
G
o
o
d
;
n
o
C
o
n
v
;
j
e
t
}

H
fi
t
t
e
r
:
:
H
f
t
P
o
l
y
E
x
p

B
a
c
k
g
r
o
u
n
d
_
p
T
_
2
_
{
e
t
a
G
o
o
d
;
n
o
C
o
n
v
;
j
e
t
}

H
fi
t
t
e
r
:
:
H
f
t
P
o
l
y
E
x
p

B
a
c
k
g
r
o
u
n
d
_
p
T
_
1
_
{
e
t
a
G
o
o
d
;
n
o
C
o
n
v
;
j
e
t
}

R
o
o
R
e
a
l
V
a
r

b
k
g
_
p
t
P
o
w
1
_
j
e
t

R
o
o
R
e
a
l
V
a
r

b
k
g
_
p
t
E
x
p
1
_
j
e
t

R
o
o
P
r
o
d
P
d
f

S
i
g
n
a
l
_
{
e
t
a
G
o
o
d
;
n
o
C
o
n
v
;
j
e
t
}

R
o
o
A
d
d
P
d
f

S
i
g
n
a
l
_
m
g
g
_
{
e
t
a
G
o
o
d
;
n
o
C
o
n
v
;
j
e
t
}

R
o
o
C
B
S
h
a
p
e

S
i
g
n
a
l
_
m
g
g
_
P
e
a
k
_
{
e
t
a
G
o
o
d
;
n
o
C
o
n
v
;
j
e
t
}

R
o
o
F
o
r
m
u
l
a
V
a
r

m
H
i
g
g
s
F
o
r
m
u
l
a
_
{
e
t
a
G
o
o
d
;
n
o
C
o
n
v
;
j
e
t
}

R
o
o
A
d
d
P
d
f

S
i
g
n
a
l
_
c
o
s
T
h
S
t
a
r
_
{
e
t
a
G
o
o
d
;
n
o
C
o
n
v
;
j
e
t
}

R
o
o
G
a
u
s
s
i
a
n

S
i
g
n
a
l
c
s
t
h
s
t
r
_
1
_
{
e
t
a
G
o
o
d
;
n
o
C
o
n
v
;
j
e
t
}

R
o
o
G
a
u
s
s
i
a
n

S
i
g
n
a
l
c
s
t
h
s
t
r
_
2
_
{
e
t
a
G
o
o
d
;
n
o
C
o
n
v
;
j
e
t
}

R
o
o
A
d
d
P
d
f

S
i
g
n
a
l
_
p
T
_
{
e
t
a
G
o
o
d
;
n
o
C
o
n
v
;
j
e
t
}

R
o
o
B
i
f
u
r
G
a
u
s
s

S
i
g
n
a
l
p
T
_
1
_
{
e
t
a
G
o
o
d
;
n
o
C
o
n
v
;
j
e
t
}

R
o
o
R
e
a
l
V
a
r

s
i
g
_
p
t
0
_
1
_
j
e
t

R
o
o
R
e
a
l
V
a
r

s
i
g
_
p
t
S
i
g
m
a
L
_
1
_
j
e
t

R
o
o
R
e
a
l
V
a
r

s
i
g
_
p
t
S
i
g
m
a
R
_
1
_
j
e
t

R
o
o
G
a
u
s
s
i
a
n

S
i
g
n
a
l
p
T
_
2
_
{
e
t
a
G
o
o
d
;
n
o
C
o
n
v
;
j
e
t
}

R
o
o
R
e
a
l
V
a
r

s
i
g
_
p
t
0
_
2
_
j
e
t

R
o
o
R
e
a
l
V
a
r

s
i
g
_
p
t
S
i
g
m
a
_
2
_
j
e
t

R
o
o
G
a
u
s
s
i
a
n

S
i
g
n
a
l
p
T
_
3
_
{
e
t
a
G
o
o
d
;
n
o
C
o
n
v
;
j
e
t
}

R
o
o
R
e
a
l
V
a
r

s
i
g
_
p
t
0
_
3
_
j
e
t

R
o
o
R
e
a
l
V
a
r

s
i
g
_
p
t
S
i
g
m
a
_
3
_
j
e
t

R
o
o
R
e
a
l
V
a
r

s
i
g
_
p
t
R
e
l
N
o
r
m
_
1
_
j
e
t

R
o
o
R
e
a
l
V
a
r

s
i
g
_
p
t
R
e
l
N
o
r
m
_
2
_
j
e
t

R
o
o
R
e
a
l
V
a
r

n
_
B
a
c
k
g
r
o
u
n
d
_
{
e
t
a
G
o
o
d
;
n
o
C
o
n
v
;
j
e
t
}

R
o
o
F
o
r
m
u
l
a
V
a
r

n
C
a
t
_
S
i
g
n
a
l
_
{
e
t
a
G
o
o
d
;
n
o
C
o
n
v
;
j
e
t
}
_
r
e
p
a
r
a
m
e
t
r
i
z
e
d
_
h
g
g

R
o
o
R
e
a
l
V
a
r

f
_
S
i
g
n
a
l
_
{
e
t
a
G
o
o
d
;
n
o
C
o
n
v
;
j
e
t
}

R
o
o
A
d
d
P
d
f

s
u
m
P
d
f
_
{
e
t
a
M
e
d
;
n
o
C
o
n
v
;
j
e
t
}
_
r
e
p
a
r
a
m
e
t
r
i
z
e
d
_
h
g
g

R
o
o
P
r
o
d
P
d
f

B
a
c
k
g
r
o
u
n
d
_
{
e
t
a
M
e
d
;
n
o
C
o
n
v
;
j
e
t
}

H
fi
t
t
e
r
:
:
M
g
g
B
k
g
P
d
f

B
a
c
k
g
r
o
u
n
d
_
m
g
g
_
{
e
t
a
M
e
d
;
n
o
C
o
n
v
;
j
e
t
}

R
o
o
A
d
d
P
d
f

B
a
c
k
g
r
o
u
n
d
_
c
o
s
T
h
S
t
a
r
_
{
e
t
a
M
e
d
;
n
o
C
o
n
v
;
j
e
t
}

R
o
o
G
a
u
s
s
i
a
n

B
a
c
k
g
r
o
u
n
d
_
b
u
m
p
_
c
o
s
T
h
S
t
a
r
_
1
_
{
e
t
a
M
e
d
;
n
o
C
o
n
v
;
j
e
t
}

R
o
o
R
e
a
l
V
a
r

b
k
g
_
c
s
t
h
0
1
_
{
e
t
a
M
e
d
;
j
e
t
}

R
o
o
R
e
a
l
V
a
r

b
k
g
_
c
s
t
h
S
i
g
m
a
1
_
{
e
t
a
M
e
d
;
j
e
t
}

H
fi
t
t
e
r
:
:
H
f
t
P
e
g
g
e
d
P
o
l
y

B
a
c
k
g
r
o
u
n
d
_
p
o
l
y
_
c
o
s
T
h
S
t
a
r
_
{
e
t
a
M
e
d
;
n
o
C
o
n
v
;
j
e
t
}

R
o
o
R
e
a
l
V
a
r

b
k
g
_
c
s
t
h
P
o
w
e
r
_
{
e
t
a
M
e
d
;
j
e
t
}

R
o
o
R
e
a
l
V
a
r

b
k
g
_
c
s
t
h
C
o
e
f
1
_
{
e
t
a
M
e
d
;
j
e
t
}

R
o
o
R
e
a
l
V
a
r

b
k
g
_
c
s
t
h
C
o
e
f
2
_
{
e
t
a
M
e
d
;
j
e
t
}

R
o
o
R
e
a
l
V
a
r

b
k
g
_
c
s
t
h
C
o
e
f
4
_
{
e
t
a
M
e
d
;
j
e
t
}

R
o
o
R
e
a
l
V
a
r

b
k
g
_
c
s
t
h
C
o
e
f
6
_
{
e
t
a
M
e
d
;
j
e
t
}

R
o
o
R
e
a
l
V
a
r

b
k
g
_
c
s
t
h
R
e
l
N
o
r
m
1
_
{
e
t
a
M
e
d
;
j
e
t
}

R
o
o
A
d
d
P
d
f

B
a
c
k
g
r
o
u
n
d
_
p
T
_
{
e
t
a
M
e
d
;
n
o
C
o
n
v
;
j
e
t
}

H
fi
t
t
e
r
:
:
H
f
t
P
o
l
y
E
x
p

B
a
c
k
g
r
o
u
n
d
_
p
T
_
2
_
{
e
t
a
M
e
d
;
n
o
C
o
n
v
;
j
e
t
}

H
fi
t
t
e
r
:
:
H
f
t
P
o
l
y
E
x
p

B
a
c
k
g
r
o
u
n
d
_
p
T
_
1
_
{
e
t
a
M
e
d
;
n
o
C
o
n
v
;
j
e
t
}

R
o
o
P
r
o
d
P
d
f

S
i
g
n
a
l
_
{
e
t
a
M
e
d
;
n
o
C
o
n
v
;
j
e
t
}

R
o
o
A
d
d
P
d
f

S
i
g
n
a
l
_
m
g
g
_
{
e
t
a
M
e
d
;
n
o
C
o
n
v
;
j
e
t
}

R
o
o
C
B
S
h
a
p
e

S
i
g
n
a
l
_
m
g
g
_
P
e
a
k
_
{
e
t
a
M
e
d
;
n
o
C
o
n
v
;
j
e
t
}

R
o
o
F
o
r
m
u
l
a
V
a
r

m
H
i
g
g
s
F
o
r
m
u
l
a
_
{
e
t
a
M
e
d
;
n
o
C
o
n
v
;
j
e
t
}

R
o
o
A
d
d
P
d
f

S
i
g
n
a
l
_
c
o
s
T
h
S
t
a
r
_
{
e
t
a
M
e
d
;
n
o
C
o
n
v
;
j
e
t
}

R
o
o
G
a
u
s
s
i
a
n

S
i
g
n
a
l
c
s
t
h
s
t
r
_
1
_
{
e
t
a
M
e
d
;
n
o
C
o
n
v
;
j
e
t
}

R
o
o
R
e
a
l
V
a
r

s
i
g
_
c
s
t
h
s
t
r
0
_
1
_
{
e
t
a
M
e
d
;
j
e
t
}

R
o
o
G
a
u
s
s
i
a
n

S
i
g
n
a
l
c
s
t
h
s
t
r
_
2
_
{
e
t
a
M
e
d
;
n
o
C
o
n
v
;
j
e
t
}

R
o
o
R
e
a
l
V
a
r

s
i
g
_
c
s
t
h
s
t
r
0
_
2
_
{
e
t
a
M
e
d
;
j
e
t
}

R
o
o
R
e
a
l
V
a
r

s
i
g
_
c
s
t
h
s
t
r
R
e
l
N
o
r
m
_
1
_
{
e
t
a
M
e
d
;
j
e
t
}

R
o
o
A
d
d
P
d
f

S
i
g
n
a
l
_
p
T
_
{
e
t
a
M
e
d
;
n
o
C
o
n
v
;
j
e
t
}

R
o
o
B
i
f
u
r
G
a
u
s
s

S
i
g
n
a
l
p
T
_
1
_
{
e
t
a
M
e
d
;
n
o
C
o
n
v
;
j
e
t
}

R
o
o
G
a
u
s
s
i
a
n

S
i
g
n
a
l
p
T
_
2
_
{
e
t
a
M
e
d
;
n
o
C
o
n
v
;
j
e
t
}

R
o
o
G
a
u
s
s
i
a
n

S
i
g
n
a
l
p
T
_
3
_
{
e
t
a
M
e
d
;
n
o
C
o
n
v
;
j
e
t
}

R
o
o
R
e
a
l
V
a
r

n
_
B
a
c
k
g
r
o
u
n
d
_
{
e
t
a
M
e
d
;
n
o
C
o
n
v
;
j
e
t
}

R
o
o
F
o
r
m
u
l
a
V
a
r

n
C
a
t
_
S
i
g
n
a
l
_
{
e
t
a
M
e
d
;
n
o
C
o
n
v
;
j
e
t
}
_
r
e
p
a
r
a
m
e
t
r
i
z
e
d
_
h
g
g

R
o
o
R
e
a
l
V
a
r

f
_
S
i
g
n
a
l
_
{
e
t
a
M
e
d
;
n
o
C
o
n
v
;
j
e
t
}

R
o
o
A
d
d
P
d
f

s
u
m
P
d
f
_
{
e
t
a
B
a
d
;
n
o
C
o
n
v
;
j
e
t
}
_
r
e
p
a
r
a
m
e
t
r
i
z
e
d
_
h
g
g

R
o
o
P
r
o
d
P
d
f

B
a
c
k
g
r
o
u
n
d
_
{
e
t
a
B
a
d
;
n
o
C
o
n
v
;
j
e
t
}

H
fi
t
t
e
r
:
:
M
g
g
B
k
g
P
d
f

B
a
c
k
g
r
o
u
n
d
_
m
g
g
_
{
e
t
a
B
a
d
;
n
o
C
o
n
v
;
j
e
t
}

R
o
o
A
d
d
P
d
f

B
a
c
k
g
r
o
u
n
d
_
c
o
s
T
h
S
t
a
r
_
{
e
t
a
B
a
d
;
n
o
C
o
n
v
;
j
e
t
}

R
o
o
G
a
u
s
s
i
a
n

B
a
c
k
g
r
o
u
n
d
_
b
u
m
p
_
c
o
s
T
h
S
t
a
r
_
1
_
{
e
t
a
B
a
d
;
n
o
C
o
n
v
;
j
e
t
}

R
o
o
R
e
a
l
V
a
r

b
k
g
_
c
s
t
h
0
1
_
{
e
t
a
B
a
d
;
j
e
t
}

R
o
o
R
e
a
l
V
a
r

b
k
g
_
c
s
t
h
S
i
g
m
a
1
_
{
e
t
a
B
a
d
;
j
e
t
}

H
fi
t
t
e
r
:
:
H
f
t
P
e
g
g
e
d
P
o
l
y

B
a
c
k
g
r
o
u
n
d
_
p
o
l
y
_
c
o
s
T
h
S
t
a
r
_
{
e
t
a
B
a
d
;
n
o
C
o
n
v
;
j
e
t
}

R
o
o
R
e
a
l
V
a
r

b
k
g
_
c
s
t
h
P
o
w
e
r
_
{
e
t
a
B
a
d
;
j
e
t
}

R
o
o
R
e
a
l
V
a
r

b
k
g
_
c
s
t
h
C
o
e
f
1
_
{
e
t
a
B
a
d
;
j
e
t
}

R
o
o
R
e
a
l
V
a
r

b
k
g
_
c
s
t
h
C
o
e
f
2
_
{
e
t
a
B
a
d
;
j
e
t
}

R
o
o
R
e
a
l
V
a
r

b
k
g
_
c
s
t
h
C
o
e
f
4
_
{
e
t
a
B
a
d
;
j
e
t
}

R
o
o
R
e
a
l
V
a
r

b
k
g
_
c
s
t
h
C
o
e
f
6
_
{
e
t
a
B
a
d
;
j
e
t
}

R
o
o
R
e
a
l
V
a
r

b
k
g
_
c
s
t
h
R
e
l
N
o
r
m
1
_
{
e
t
a
B
a
d
;
j
e
t
}

R
o
o
A
d
d
P
d
f

B
a
c
k
g
r
o
u
n
d
_
p
T
_
{
e
t
a
B
a
d
;
n
o
C
o
n
v
;
j
e
t
}

H
fi
t
t
e
r
:
:
H
f
t
P
o
l
y
E
x
p

B
a
c
k
g
r
o
u
n
d
_
p
T
_
2
_
{
e
t
a
B
a
d
;
n
o
C
o
n
v
;
j
e
t
}

H
fi
t
t
e
r
:
:
H
f
t
P
o
l
y
E
x
p

B
a
c
k
g
r
o
u
n
d
_
p
T
_
1
_
{
e
t
a
B
a
d
;
n
o
C
o
n
v
;
j
e
t
}

R
o
o
P
r
o
d
P
d
f

S
i
g
n
a
l
_
{
e
t
a
B
a
d
;
n
o
C
o
n
v
;
j
e
t
}

R
o
o
A
d
d
P
d
f

S
i
g
n
a
l
_
m
g
g
_
{
e
t
a
B
a
d
;
n
o
C
o
n
v
;
j
e
t
}

R
o
o
C
B
S
h
a
p
e

S
i
g
n
a
l
_
m
g
g
_
P
e
a
k
_
{
e
t
a
B
a
d
;
n
o
C
o
n
v
;
j
e
t
}

R
o
o
F
o
r
m
u
l
a
V
a
r

m
H
i
g
g
s
F
o
r
m
u
l
a
_
{
e
t
a
B
a
d
;
n
o
C
o
n
v
;
j
e
t
}

R
o
o
A
d
d
P
d
f

S
i
g
n
a
l
_
c
o
s
T
h
S
t
a
r
_
{
e
t
a
B
a
d
;
n
o
C
o
n
v
;
j
e
t
}

R
o
o
G
a
u
s
s
i
a
n

S
i
g
n
a
l
c
s
t
h
s
t
r
_
1
_
{
e
t
a
B
a
d
;
n
o
C
o
n
v
;
j
e
t
}

R
o
o
R
e
a
l
V
a
r

s
i
g
_
c
s
t
h
s
t
r
0
_
1
_
{
e
t
a
B
a
d
;
j
e
t
}

R
o
o
G
a
u
s
s
i
a
n

S
i
g
n
a
l
c
s
t
h
s
t
r
_
2
_
{
e
t
a
B
a
d
;
n
o
C
o
n
v
;
j
e
t
}

R
o
o
R
e
a
l
V
a
r

s
i
g
_
c
s
t
h
s
t
r
0
_
2
_
{
e
t
a
B
a
d
;
j
e
t
}

R
o
o
R
e
a
l
V
a
r

s
i
g
_
c
s
t
h
s
t
r
R
e
l
N
o
r
m
_
1
_
{
e
t
a
B
a
d
;
j
e
t
}

R
o
o
A
d
d
P
d
f

S
i
g
n
a
l
_
p
T
_
{
e
t
a
B
a
d
;
n
o
C
o
n
v
;
j
e
t
}

R
o
o
B
i
f
u
r
G
a
u
s
s

S
i
g
n
a
l
p
T
_
1
_
{
e
t
a
B
a
d
;
n
o
C
o
n
v
;
j
e
t
}

R
o
o
G
a
u
s
s
i
a
n

S
i
g
n
a
l
p
T
_
2
_
{
e
t
a
B
a
d
;
n
o
C
o
n
v
;
j
e
t
}

R
o
o
G
a
u
s
s
i
a
n

S
i
g
n
a
l
p
T
_
3
_
{
e
t
a
B
a
d
;
n
o
C
o
n
v
;
j
e
t
}

R
o
o
R
e
a
l
V
a
r

n
_
B
a
c
k
g
r
o
u
n
d
_
{
e
t
a
B
a
d
;
n
o
C
o
n
v
;
j
e
t
}

R
o
o
F
o
r
m
u
l
a
V
a
r

n
C
a
t
_
S
i
g
n
a
l
_
{
e
t
a
B
a
d
;
n
o
C
o
n
v
;
j
e
t
}
_
r
e
p
a
r
a
m
e
t
r
i
z
e
d
_
h
g
g

R
o
o
R
e
a
l
V
a
r

f
_
S
i
g
n
a
l
_
{
e
t
a
B
a
d
;
n
o
C
o
n
v
;
j
e
t
}

R
o
o
A
d
d
P
d
f

s
u
m
P
d
f
_
{
e
t
a
M
e
d
;
C
o
n
v
;
j
e
t
}
_
r
e
p
a
r
a
m
e
t
r
i
z
e
d
_
h
g
g

R
o
o
P
r
o
d
P
d
f

B
a
c
k
g
r
o
u
n
d
_
{
e
t
a
M
e
d
;
C
o
n
v
;
j
e
t
}

H
fi
t
t
e
r
:
:
M
g
g
B
k
g
P
d
f

B
a
c
k
g
r
o
u
n
d
_
m
g
g
_
{
e
t
a
M
e
d
;
C
o
n
v
;
j
e
t
}

R
o
o
A
d
d
P
d
f

B
a
c
k
g
r
o
u
n
d
_
c
o
s
T
h
S
t
a
r
_
{
e
t
a
M
e
d
;
C
o
n
v
;
j
e
t
}

R
o
o
G
a
u
s
s
i
a
n

B
a
c
k
g
r
o
u
n
d
_
b
u
m
p
_
c
o
s
T
h
S
t
a
r
_
1
_
{
e
t
a
M
e
d
;
C
o
n
v
;
j
e
t
}

H
fi
t
t
e
r
:
:
H
f
t
P
e
g
g
e
d
P
o
l
y

B
a
c
k
g
r
o
u
n
d
_
p
o
l
y
_
c
o
s
T
h
S
t
a
r
_
{
e
t
a
M
e
d
;
C
o
n
v
;
j
e
t
}

R
o
o
A
d
d
P
d
f

B
a
c
k
g
r
o
u
n
d
_
p
T
_
{
e
t
a
M
e
d
;
C
o
n
v
;
j
e
t
}

H
fi
t
t
e
r
:
:
H
f
t
P
o
l
y
E
x
p

B
a
c
k
g
r
o
u
n
d
_
p
T
_
2
_
{
e
t
a
M
e
d
;
C
o
n
v
;
j
e
t
}

H
fi
t
t
e
r
:
:
H
f
t
P
o
l
y
E
x
p

B
a
c
k
g
r
o
u
n
d
_
p
T
_
1
_
{
e
t
a
M
e
d
;
C
o
n
v
;
j
e
t
}

R
o
o
P
r
o
d
P
d
f

S
i
g
n
a
l
_
{
e
t
a
M
e
d
;
C
o
n
v
;
j
e
t
}

R
o
o
A
d
d
P
d
f

S
i
g
n
a
l
_
m
g
g
_
{
e
t
a
M
e
d
;
C
o
n
v
;
j
e
t
}

R
o
o
C
B
S
h
a
p
e

S
i
g
n
a
l
_
m
g
g
_
P
e
a
k
_
{
e
t
a
M
e
d
;
C
o
n
v
;
j
e
t
}

R
o
o
F
o
r
m
u
l
a
V
a
r

m
H
i
g
g
s
F
o
r
m
u
l
a
_
{
e
t
a
M
e
d
;
C
o
n
v
;
j
e
t
}

R
o
o
A
d
d
P
d
f

S
i
g
n
a
l
_
c
o
s
T
h
S
t
a
r
_
{
e
t
a
M
e
d
;
C
o
n
v
;
j
e
t
}

R
o
o
G
a
u
s
s
i
a
n

S
i
g
n
a
l
c
s
t
h
s
t
r
_
1
_
{
e
t
a
M
e
d
;
C
o
n
v
;
j
e
t
}

R
o
o
G
a
u
s
s
i
a
n

S
i
g
n
a
l
c
s
t
h
s
t
r
_
2
_
{
e
t
a
M
e
d
;
C
o
n
v
;
j
e
t
}

R
o
o
A
d
d
P
d
f

S
i
g
n
a
l
_
p
T
_
{
e
t
a
M
e
d
;
C
o
n
v
;
j
e
t
}

R
o
o
B
i
f
u
r
G
a
u
s
s

S
i
g
n
a
l
p
T
_
1
_
{
e
t
a
M
e
d
;
C
o
n
v
;
j
e
t
}

R
o
o
G
a
u
s
s
i
a
n

S
i
g
n
a
l
p
T
_
2
_
{
e
t
a
M
e
d
;
C
o
n
v
;
j
e
t
}

R
o
o
G
a
u
s
s
i
a
n

S
i
g
n
a
l
p
T
_
3
_
{
e
t
a
M
e
d
;
C
o
n
v
;
j
e
t
}

R
o
o
R
e
a
l
V
a
r

n
_
B
a
c
k
g
r
o
u
n
d
_
{
e
t
a
M
e
d
;
C
o
n
v
;
j
e
t
}

R
o
o
F
o
r
m
u
l
a
V
a
r

n
C
a
t
_
S
i
g
n
a
l
_
{
e
t
a
M
e
d
;
C
o
n
v
;
j
e
t
}
_
r
e
p
a
r
a
m
e
t
r
i
z
e
d
_
h
g
g

R
o
o
R
e
a
l
V
a
r

f
_
S
i
g
n
a
l
_
{
e
t
a
M
e
d
;
C
o
n
v
;
j
e
t
}

R
o
o
A
d
d
P
d
f

s
u
m
P
d
f
_
{
e
t
a
B
a
d
;
C
o
n
v
;
j
e
t
}
_
r
e
p
a
r
a
m
e
t
r
i
z
e
d
_
h
g
g

R
o
o
P
r
o
d
P
d
f

B
a
c
k
g
r
o
u
n
d
_
{
e
t
a
B
a
d
;
C
o
n
v
;
j
e
t
}

H
fi
t
t
e
r
:
:
M
g
g
B
k
g
P
d
f

B
a
c
k
g
r
o
u
n
d
_
m
g
g
_
{
e
t
a
B
a
d
;
C
o
n
v
;
j
e
t
}

R
o
o
A
d
d
P
d
f

B
a
c
k
g
r
o
u
n
d
_
c
o
s
T
h
S
t
a
r
_
{
e
t
a
B
a
d
;
C
o
n
v
;
j
e
t
}

R
o
o
G
a
u
s
s
i
a
n

B
a
c
k
g
r
o
u
n
d
_
b
u
m
p
_
c
o
s
T
h
S
t
a
r
_
1
_
{
e
t
a
B
a
d
;
C
o
n
v
;
j
e
t
}

H
fi
t
t
e
r
:
:
H
f
t
P
e
g
g
e
d
P
o
l
y

B
a
c
k
g
r
o
u
n
d
_
p
o
l
y
_
c
o
s
T
h
S
t
a
r
_
{
e
t
a
B
a
d
;
C
o
n
v
;
j
e
t
}

R
o
o
A
d
d
P
d
f

B
a
c
k
g
r
o
u
n
d
_
p
T
_
{
e
t
a
B
a
d
;
C
o
n
v
;
j
e
t
}

H
fi
t
t
e
r
:
:
H
f
t
P
o
l
y
E
x
p

B
a
c
k
g
r
o
u
n
d
_
p
T
_
2
_
{
e
t
a
B
a
d
;
C
o
n
v
;
j
e
t
}

H
fi
t
t
e
r
:
:
H
f
t
P
o
l
y
E
x
p

B
a
c
k
g
r
o
u
n
d
_
p
T
_
1
_
{
e
t
a
B
a
d
;
C
o
n
v
;
j
e
t
}

R
o
o
P
r
o
d
P
d
f

S
i
g
n
a
l
_
{
e
t
a
B
a
d
;
C
o
n
v
;
j
e
t
}

R
o
o
A
d
d
P
d
f

S
i
g
n
a
l
_
m
g
g
_
{
e
t
a
B
a
d
;
C
o
n
v
;
j
e
t
}

R
o
o
C
B
S
h
a
p
e

S
i
g
n
a
l
_
m
g
g
_
P
e
a
k
_
{
e
t
a
B
a
d
;
C
o
n
v
;
j
e
t
}

R
o
o
F
o
r
m
u
l
a
V
a
r

m
H
i
g
g
s
F
o
r
m
u
l
a
_
{
e
t
a
B
a
d
;
C
o
n
v
;
j
e
t
}

R
o
o
A
d
d
P
d
f

S
i
g
n
a
l
_
c
o
s
T
h
S
t
a
r
_
{
e
t
a
B
a
d
;
C
o
n
v
;
j
e
t
}

R
o
o
G
a
u
s
s
i
a
n

S
i
g
n
a
l
c
s
t
h
s
t
r
_
1
_
{
e
t
a
B
a
d
;
C
o
n
v
;
j
e
t
}

R
o
o
G
a
u
s
s
i
a
n

S
i
g
n
a
l
c
s
t
h
s
t
r
_
2
_
{
e
t
a
B
a
d
;
C
o
n
v
;
j
e
t
}

R
o
o
A
d
d
P
d
f

S
i
g
n
a
l
_
p
T
_
{
e
t
a
B
a
d
;
C
o
n
v
;
j
e
t
}

R
o
o
B
i
f
u
r
G
a
u
s
s

S
i
g
n
a
l
p
T
_
1
_
{
e
t
a
B
a
d
;
C
o
n
v
;
j
e
t
}

R
o
o
G
a
u
s
s
i
a
n

S
i
g
n
a
l
p
T
_
2
_
{
e
t
a
B
a
d
;
C
o
n
v
;
j
e
t
}

R
o
o
G
a
u
s
s
i
a
n

S
i
g
n
a
l
p
T
_
3
_
{
e
t
a
B
a
d
;
C
o
n
v
;
j
e
t
}

R
o
o
R
e
a
l
V
a
r

n
_
B
a
c
k
g
r
o
u
n
d
_
{
e
t
a
B
a
d
;
C
o
n
v
;
j
e
t
}

R
o
o
F
o
r
m
u
l
a
V
a
r

n
C
a
t
_
S
i
g
n
a
l
_
{
e
t
a
B
a
d
;
C
o
n
v
;
j
e
t
}
_
r
e
p
a
r
a
m
e
t
r
i
z
e
d
_
h
g
g

R
o
o
R
e
a
l
V
a
r

f
_
S
i
g
n
a
l
_
{
e
t
a
B
a
d
;
C
o
n
v
;
j
e
t
}

R
o
o
A
d
d
P
d
f

s
u
m
P
d
f
_
{
e
t
a
G
o
o
d
;
n
o
C
o
n
v
;
v
b
f
}
_
r
e
p
a
r
a
m
e
t
r
i
z
e
d
_
h
g
g

R
o
o
P
r
o
d
P
d
f

B
a
c
k
g
r
o
u
n
d
_
{
e
t
a
G
o
o
d
;
n
o
C
o
n
v
;
v
b
f
}

H
fi
t
t
e
r
:
:
M
g
g
B
k
g
P
d
f

B
a
c
k
g
r
o
u
n
d
_
m
g
g
_
{
e
t
a
G
o
o
d
;
n
o
C
o
n
v
;
v
b
f
}

R
o
o
R
e
a
l
V
a
r

x
i
_
v
b
f

R
o
o
A
d
d
P
d
f

B
a
c
k
g
r
o
u
n
d
_
c
o
s
T
h
S
t
a
r
_
{
e
t
a
G
o
o
d
;
n
o
C
o
n
v
;
v
b
f
}

R
o
o
G
a
u
s
s
i
a
n

B
a
c
k
g
r
o
u
n
d
_
b
u
m
p
_
c
o
s
T
h
S
t
a
r
_
1
_
{
e
t
a
G
o
o
d
;
n
o
C
o
n
v
;
v
b
f
}

R
o
o
R
e
a
l
V
a
r

b
k
g
_
c
s
t
h
0
1
_
{
e
t
a
G
o
o
d
;
v
b
f
}

R
o
o
R
e
a
l
V
a
r

b
k
g
_
c
s
t
h
S
i
g
m
a
1
_
{
e
t
a
G
o
o
d
;
v
b
f
}

H
fi
t
t
e
r
:
:
H
f
t
P
e
g
g
e
d
P
o
l
y

B
a
c
k
g
r
o
u
n
d
_
p
o
l
y
_
c
o
s
T
h
S
t
a
r
_
{
e
t
a
G
o
o
d
;
n
o
C
o
n
v
;
v
b
f
}

R
o
o
R
e
a
l
V
a
r

b
k
g
_
c
s
t
h
P
o
w
e
r
_
{
e
t
a
G
o
o
d
;
v
b
f
}

R
o
o
R
e
a
l
V
a
r

b
k
g
_
c
s
t
h
C
o
e
f
1
_
{
e
t
a
G
o
o
d
;
v
b
f
}

R
o
o
R
e
a
l
V
a
r

b
k
g
_
c
s
t
h
C
o
e
f
2
_
{
e
t
a
G
o
o
d
;
v
b
f
}

R
o
o
R
e
a
l
V
a
r

b
k
g
_
c
s
t
h
C
o
e
f
4
_
{
e
t
a
G
o
o
d
;
v
b
f
}

R
o
o
R
e
a
l
V
a
r

b
k
g
_
c
s
t
h
C
o
e
f
6
_
{
e
t
a
G
o
o
d
;
v
b
f
}

R
o
o
R
e
a
l
V
a
r

b
k
g
_
c
s
t
h
R
e
l
N
o
r
m
1
_
{
e
t
a
G
o
o
d
;
v
b
f
}

R
o
o
A
d
d
P
d
f

B
a
c
k
g
r
o
u
n
d
_
p
T
_
{
e
t
a
G
o
o
d
;
n
o
C
o
n
v
;
v
b
f
}

H
fi
t
t
e
r
:
:
H
f
t
P
o
l
y
E
x
p

B
a
c
k
g
r
o
u
n
d
_
p
T
_
2
_
{
e
t
a
G
o
o
d
;
n
o
C
o
n
v
;
v
b
f
}

R
o
o
R
e
a
l
V
a
r

b
k
g
_
p
t
P
o
w
2
_
v
b
f

R
o
o
R
e
a
l
V
a
r

b
k
g
_
p
t
E
x
p
2
_
v
b
f

H
fi
t
t
e
r
:
:
H
f
t
P
o
l
y
E
x
p

B
a
c
k
g
r
o
u
n
d
_
p
T
_
1
_
{
e
t
a
G
o
o
d
;
n
o
C
o
n
v
;
v
b
f
}

R
o
o
R
e
a
l
V
a
r

b
k
g
_
p
t
P
o
w
1
_
v
b
f

R
o
o
R
e
a
l
V
a
r

b
k
g
_
p
t
E
x
p
1
_
v
b
f

R
o
o
R
e
a
l
V
a
r

b
k
g
_
p
t
T
a
i
l
1
N
o
r
m
_
v
b
f

R
o
o
P
r
o
d
P
d
f

S
i
g
n
a
l
_
{
e
t
a
G
o
o
d
;
n
o
C
o
n
v
;
v
b
f
}

R
o
o
A
d
d
P
d
f

S
i
g
n
a
l
_
m
g
g
_
{
e
t
a
G
o
o
d
;
n
o
C
o
n
v
;
v
b
f
}

R
o
o
C
B
S
h
a
p
e

S
i
g
n
a
l
_
m
g
g
_
P
e
a
k
_
{
e
t
a
G
o
o
d
;
n
o
C
o
n
v
;
v
b
f
}

R
o
o
F
o
r
m
u
l
a
V
a
r

m
H
i
g
g
s
F
o
r
m
u
l
a
_
{
e
t
a
G
o
o
d
;
n
o
C
o
n
v
;
v
b
f
}

R
o
o
A
d
d
P
d
f

S
i
g
n
a
l
_
c
o
s
T
h
S
t
a
r
_
{
e
t
a
G
o
o
d
;
n
o
C
o
n
v
;
v
b
f
}

R
o
o
G
a
u
s
s
i
a
n

S
i
g
n
a
l
c
s
t
h
s
t
r
_
1
_
{
e
t
a
G
o
o
d
;
n
o
C
o
n
v
;
v
b
f
}

R
o
o
R
e
a
l
V
a
r

s
i
g
_
c
s
t
h
s
t
r
0
_
1
_
{
e
t
a
G
o
o
d
;
v
b
f
}

R
o
o
G
a
u
s
s
i
a
n

S
i
g
n
a
l
c
s
t
h
s
t
r
_
2
_
{
e
t
a
G
o
o
d
;
n
o
C
o
n
v
;
v
b
f
}

R
o
o
R
e
a
l
V
a
r

s
i
g
_
c
s
t
h
s
t
r
0
_
2
_
{
e
t
a
G
o
o
d
;
v
b
f
}

R
o
o
R
e
a
l
V
a
r

s
i
g
_
c
s
t
h
s
t
r
R
e
l
N
o
r
m
_
1
_
{
e
t
a
G
o
o
d
;
v
b
f
}

R
o
o
A
d
d
P
d
f

S
i
g
n
a
l
_
p
T
_
{
e
t
a
G
o
o
d
;
n
o
C
o
n
v
;
v
b
f
}

R
o
o
B
i
f
u
r
G
a
u
s
s

S
i
g
n
a
l
p
T
_
1
_
{
e
t
a
G
o
o
d
;
n
o
C
o
n
v
;
v
b
f
}

R
o
o
R
e
a
l
V
a
r

s
i
g
_
p
t
0
_
1
_
v
b
f

R
o
o
R
e
a
l
V
a
r

s
i
g
_
p
t
S
i
g
m
a
L
_
1
_
v
b
f

R
o
o
R
e
a
l
V
a
r

s
i
g
_
p
t
S
i
g
m
a
R
_
1
_
v
b
f

R
o
o
G
a
u
s
s
i
a
n

S
i
g
n
a
l
p
T
_
2
_
{
e
t
a
G
o
o
d
;
n
o
C
o
n
v
;
v
b
f
}

R
o
o
R
e
a
l
V
a
r

s
i
g
_
p
t
0
_
2
_
v
b
f

R
o
o
R
e
a
l
V
a
r

s
i
g
_
p
t
S
i
g
m
a
_
2
_
v
b
f

R
o
o
G
a
u
s
s
i
a
n

S
i
g
n
a
l
p
T
_
3
_
{
e
t
a
G
o
o
d
;
n
o
C
o
n
v
;
v
b
f
}

R
o
o
R
e
a
l
V
a
r

s
i
g
_
p
t
0
_
3
_
v
b
f

R
o
o
R
e
a
l
V
a
r

s
i
g
_
p
t
S
i
g
m
a
_
3
_
v
b
f

R
o
o
R
e
a
l
V
a
r

s
i
g
_
p
t
R
e
l
N
o
r
m
_
1
_
v
b
f

R
o
o
R
e
a
l
V
a
r

s
i
g
_
p
t
R
e
l
N
o
r
m
_
2
_
v
b
f

R
o
o
R
e
a
l
V
a
r

n
_
B
a
c
k
g
r
o
u
n
d
_
{
e
t
a
G
o
o
d
;
n
o
C
o
n
v
;
v
b
f
}

R
o
o
F
o
r
m
u
l
a
V
a
r

n
C
a
t
_
S
i
g
n
a
l
_
{
e
t
a
G
o
o
d
;
n
o
C
o
n
v
;
v
b
f
}
_
r
e
p
a
r
a
m
e
t
r
i
z
e
d
_
h
g
g

R
o
o
R
e
a
l
V
a
r

f
_
S
i
g
n
a
l
_
{
e
t
a
G
o
o
d
;
n
o
C
o
n
v
;
v
b
f
}

R
o
o
A
d
d
P
d
f

s
u
m
P
d
f
_
{
e
t
a
M
e
d
;
n
o
C
o
n
v
;
v
b
f
}
_
r
e
p
a
r
a
m
e
t
r
i
z
e
d
_
h
g
g

R
o
o
P
r
o
d
P
d
f

B
a
c
k
g
r
o
u
n
d
_
{
e
t
a
M
e
d
;
n
o
C
o
n
v
;
v
b
f
}

H
fi
t
t
e
r
:
:
M
g
g
B
k
g
P
d
f

B
a
c
k
g
r
o
u
n
d
_
m
g
g
_
{
e
t
a
M
e
d
;
n
o
C
o
n
v
;
v
b
f
}

R
o
o
A
d
d
P
d
f

B
a
c
k
g
r
o
u
n
d
_
c
o
s
T
h
S
t
a
r
_
{
e
t
a
M
e
d
;
n
o
C
o
n
v
;
v
b
f
}

R
o
o
G
a
u
s
s
i
a
n

B
a
c
k
g
r
o
u
n
d
_
b
u
m
p
_
c
o
s
T
h
S
t
a
r
_
1
_
{
e
t
a
M
e
d
;
n
o
C
o
n
v
;
v
b
f
}

R
o
o
R
e
a
l
V
a
r

b
k
g
_
c
s
t
h
0
1
_
{
e
t
a
M
e
d
;
v
b
f
}

R
o
o
R
e
a
l
V
a
r

b
k
g
_
c
s
t
h
S
i
g
m
a
1
_
{
e
t
a
M
e
d
;
v
b
f
}

H
fi
t
t
e
r
:
:
H
f
t
P
e
g
g
e
d
P
o
l
y

B
a
c
k
g
r
o
u
n
d
_
p
o
l
y
_
c
o
s
T
h
S
t
a
r
_
{
e
t
a
M
e
d
;
n
o
C
o
n
v
;
v
b
f
}

R
o
o
R
e
a
l
V
a
r

b
k
g
_
c
s
t
h
P
o
w
e
r
_
{
e
t
a
M
e
d
;
v
b
f
}

R
o
o
R
e
a
l
V
a
r

b
k
g
_
c
s
t
h
C
o
e
f
1
_
{
e
t
a
M
e
d
;
v
b
f
}

R
o
o
R
e
a
l
V
a
r

b
k
g
_
c
s
t
h
C
o
e
f
2
_
{
e
t
a
M
e
d
;
v
b
f
}

R
o
o
R
e
a
l
V
a
r

b
k
g
_
c
s
t
h
C
o
e
f
4
_
{
e
t
a
M
e
d
;
v
b
f
}

R
o
o
R
e
a
l
V
a
r

b
k
g
_
c
s
t
h
C
o
e
f
6
_
{
e
t
a
M
e
d
;
v
b
f
}

R
o
o
R
e
a
l
V
a
r

b
k
g
_
c
s
t
h
R
e
l
N
o
r
m
1
_
{
e
t
a
M
e
d
;
v
b
f
}

R
o
o
A
d
d
P
d
f

B
a
c
k
g
r
o
u
n
d
_
p
T
_
{
e
t
a
M
e
d
;
n
o
C
o
n
v
;
v
b
f
}

H
fi
t
t
e
r
:
:
H
f
t
P
o
l
y
E
x
p

B
a
c
k
g
r
o
u
n
d
_
p
T
_
2
_
{
e
t
a
M
e
d
;
n
o
C
o
n
v
;
v
b
f
}

H
fi
t
t
e
r
:
:
H
f
t
P
o
l
y
E
x
p

B
a
c
k
g
r
o
u
n
d
_
p
T
_
1
_
{
e
t
a
M
e
d
;
n
o
C
o
n
v
;
v
b
f
}

R
o
o
P
r
o
d
P
d
f

S
i
g
n
a
l
_
{
e
t
a
M
e
d
;
n
o
C
o
n
v
;
v
b
f
}

R
o
o
A
d
d
P
d
f

S
i
g
n
a
l
_
m
g
g
_
{
e
t
a
M
e
d
;
n
o
C
o
n
v
;
v
b
f
}

R
o
o
C
B
S
h
a
p
e

S
i
g
n
a
l
_
m
g
g
_
P
e
a
k
_
{
e
t
a
M
e
d
;
n
o
C
o
n
v
;
v
b
f
}

R
o
o
F
o
r
m
u
l
a
V
a
r

m
H
i
g
g
s
F
o
r
m
u
l
a
_
{
e
t
a
M
e
d
;
n
o
C
o
n
v
;
v
b
f
}

R
o
o
A
d
d
P
d
f

S
i
g
n
a
l
_
c
o
s
T
h
S
t
a
r
_
{
e
t
a
M
e
d
;
n
o
C
o
n
v
;
v
b
f
}

R
o
o
G
a
u
s
s
i
a
n

S
i
g
n
a
l
c
s
t
h
s
t
r
_
1
_
{
e
t
a
M
e
d
;
n
o
C
o
n
v
;
v
b
f
}

R
o
o
R
e
a
l
V
a
r

s
i
g
_
c
s
t
h
s
t
r
0
_
1
_
{
e
t
a
M
e
d
;
v
b
f
}

R
o
o
G
a
u
s
s
i
a
n

S
i
g
n
a
l
c
s
t
h
s
t
r
_
2
_
{
e
t
a
M
e
d
;
n
o
C
o
n
v
;
v
b
f
}

R
o
o
R
e
a
l
V
a
r

s
i
g
_
c
s
t
h
s
t
r
0
_
2
_
{
e
t
a
M
e
d
;
v
b
f
}

R
o
o
R
e
a
l
V
a
r

s
i
g
_
c
s
t
h
s
t
r
R
e
l
N
o
r
m
_
1
_
{
e
t
a
M
e
d
;
v
b
f
}

R
o
o
A
d
d
P
d
f

S
i
g
n
a
l
_
p
T
_
{
e
t
a
M
e
d
;
n
o
C
o
n
v
;
v
b
f
}

R
o
o
B
i
f
u
r
G
a
u
s
s

S
i
g
n
a
l
p
T
_
1
_
{
e
t
a
M
e
d
;
n
o
C
o
n
v
;
v
b
f
}

R
o
o
G
a
u
s
s
i
a
n

S
i
g
n
a
l
p
T
_
2
_
{
e
t
a
M
e
d
;
n
o
C
o
n
v
;
v
b
f
}

R
o
o
G
a
u
s
s
i
a
n

S
i
g
n
a
l
p
T
_
3
_
{
e
t
a
M
e
d
;
n
o
C
o
n
v
;
v
b
f
}

R
o
o
R
e
a
l
V
a
r

n
_
B
a
c
k
g
r
o
u
n
d
_
{
e
t
a
M
e
d
;
n
o
C
o
n
v
;
v
b
f
}

R
o
o
F
o
r
m
u
l
a
V
a
r

n
C
a
t
_
S
i
g
n
a
l
_
{
e
t
a
M
e
d
;
n
o
C
o
n
v
;
v
b
f
}
_
r
e
p
a
r
a
m
e
t
r
i
z
e
d
_
h
g
g

R
o
o
R
e
a
l
V
a
r

f
_
S
i
g
n
a
l
_
{
e
t
a
M
e
d
;
n
o
C
o
n
v
;
v
b
f
}

R
o
o
A
d
d
P
d
f

s
u
m
P
d
f
_
{
e
t
a
B
a
d
;
n
o
C
o
n
v
;
v
b
f
}
_
r
e
p
a
r
a
m
e
t
r
i
z
e
d
_
h
g
g

R
o
o
P
r
o
d
P
d
f

B
a
c
k
g
r
o
u
n
d
_
{
e
t
a
B
a
d
;
n
o
C
o
n
v
;
v
b
f
}

H
fi
t
t
e
r
:
:
M
g
g
B
k
g
P
d
f

B
a
c
k
g
r
o
u
n
d
_
m
g
g
_
{
e
t
a
B
a
d
;
n
o
C
o
n
v
;
v
b
f
}

R
o
o
A
d
d
P
d
f

B
a
c
k
g
r
o
u
n
d
_
c
o
s
T
h
S
t
a
r
_
{
e
t
a
B
a
d
;
n
o
C
o
n
v
;
v
b
f
}

R
o
o
G
a
u
s
s
i
a
n

B
a
c
k
g
r
o
u
n
d
_
b
u
m
p
_
c
o
s
T
h
S
t
a
r
_
1
_
{
e
t
a
B
a
d
;
n
o
C
o
n
v
;
v
b
f
}

R
o
o
R
e
a
l
V
a
r

b
k
g
_
c
s
t
h
0
1
_
{
e
t
a
B
a
d
;
v
b
f
}

R
o
o
R
e
a
l
V
a
r

b
k
g
_
c
s
t
h
S
i
g
m
a
1
_
{
e
t
a
B
a
d
;
v
b
f
}

H
fi
t
t
e
r
:
:
H
f
t
P
e
g
g
e
d
P
o
l
y

B
a
c
k
g
r
o
u
n
d
_
p
o
l
y
_
c
o
s
T
h
S
t
a
r
_
{
e
t
a
B
a
d
;
n
o
C
o
n
v
;
v
b
f
}

R
o
o
R
e
a
l
V
a
r

b
k
g
_
c
s
t
h
P
o
w
e
r
_
{
e
t
a
B
a
d
;
v
b
f
}

R
o
o
R
e
a
l
V
a
r

b
k
g
_
c
s
t
h
C
o
e
f
1
_
{
e
t
a
B
a
d
;
v
b
f
}

R
o
o
R
e
a
l
V
a
r

b
k
g
_
c
s
t
h
C
o
e
f
2
_
{
e
t
a
B
a
d
;
v
b
f
}

R
o
o
R
e
a
l
V
a
r

b
k
g
_
c
s
t
h
C
o
e
f
4
_
{
e
t
a
B
a
d
;
v
b
f
}

R
o
o
R
e
a
l
V
a
r

b
k
g
_
c
s
t
h
C
o
e
f
6
_
{
e
t
a
B
a
d
;
v
b
f
}

R
o
o
R
e
a
l
V
a
r

b
k
g
_
c
s
t
h
R
e
l
N
o
r
m
1
_
{
e
t
a
B
a
d
;
v
b
f
}

R
o
o
A
d
d
P
d
f

B
a
c
k
g
r
o
u
n
d
_
p
T
_
{
e
t
a
B
a
d
;
n
o
C
o
n
v
;
v
b
f
}

H
fi
t
t
e
r
:
:
H
f
t
P
o
l
y
E
x
p

B
a
c
k
g
r
o
u
n
d
_
p
T
_
2
_
{
e
t
a
B
a
d
;
n
o
C
o
n
v
;
v
b
f
}

H
fi
t
t
e
r
:
:
H
f
t
P
o
l
y
E
x
p

B
a
c
k
g
r
o
u
n
d
_
p
T
_
1
_
{
e
t
a
B
a
d
;
n
o
C
o
n
v
;
v
b
f
}

R
o
o
P
r
o
d
P
d
f

S
i
g
n
a
l
_
{
e
t
a
B
a
d
;
n
o
C
o
n
v
;
v
b
f
}

R
o
o
A
d
d
P
d
f

S
i
g
n
a
l
_
m
g
g
_
{
e
t
a
B
a
d
;
n
o
C
o
n
v
;
v
b
f
}

R
o
o
C
B
S
h
a
p
e

S
i
g
n
a
l
_
m
g
g
_
P
e
a
k
_
{
e
t
a
B
a
d
;
n
o
C
o
n
v
;
v
b
f
}

R
o
o
F
o
r
m
u
l
a
V
a
r

m
H
i
g
g
s
F
o
r
m
u
l
a
_
{
e
t
a
B
a
d
;
n
o
C
o
n
v
;
v
b
f
}

R
o
o
A
d
d
P
d
f

S
i
g
n
a
l
_
c
o
s
T
h
S
t
a
r
_
{
e
t
a
B
a
d
;
n
o
C
o
n
v
;
v
b
f
}

R
o
o
G
a
u
s
s
i
a
n

S
i
g
n
a
l
c
s
t
h
s
t
r
_
1
_
{
e
t
a
B
a
d
;
n
o
C
o
n
v
;
v
b
f
}

R
o
o
R
e
a
l
V
a
r

s
i
g
_
c
s
t
h
s
t
r
0
_
1
_
{
e
t
a
B
a
d
;
v
b
f
}

R
o
o
G
a
u
s
s
i
a
n

S
i
g
n
a
l
c
s
t
h
s
t
r
_
2
_
{
e
t
a
B
a
d
;
n
o
C
o
n
v
;
v
b
f
}

R
o
o
R
e
a
l
V
a
r

s
i
g
_
c
s
t
h
s
t
r
0
_
2
_
{
e
t
a
B
a
d
;
v
b
f
}

R
o
o
R
e
a
l
V
a
r

s
i
g
_
c
s
t
h
s
t
r
R
e
l
N
o
r
m
_
1
_
{
e
t
a
B
a
d
;
v
b
f
}

R
o
o
A
d
d
P
d
f

S
i
g
n
a
l
_
p
T
_
{
e
t
a
B
a
d
;
n
o
C
o
n
v
;
v
b
f
}

R
o
o
B
i
f
u
r
G
a
u
s
s

S
i
g
n
a
l
p
T
_
1
_
{
e
t
a
B
a
d
;
n
o
C
o
n
v
;
v
b
f
}

R
o
o
G
a
u
s
s
i
a
n

S
i
g
n
a
l
p
T
_
2
_
{
e
t
a
B
a
d
;
n
o
C
o
n
v
;
v
b
f
}

R
o
o
G
a
u
s
s
i
a
n

S
i
g
n
a
l
p
T
_
3
_
{
e
t
a
B
a
d
;
n
o
C
o
n
v
;
v
b
f
}

R
o
o
R
e
a
l
V
a
r

n
_
B
a
c
k
g
r
o
u
n
d
_
{
e
t
a
B
a
d
;
n
o
C
o
n
v
;
v
b
f
}

R
o
o
F
o
r
m
u
l
a
V
a
r

n
C
a
t
_
S
i
g
n
a
l
_
{
e
t
a
B
a
d
;
n
o
C
o
n
v
;
v
b
f
}
_
r
e
p
a
r
a
m
e
t
r
i
z
e
d
_
h
g
g

R
o
o
R
e
a
l
V
a
r

f
_
S
i
g
n
a
l
_
{
e
t
a
B
a
d
;
n
o
C
o
n
v
;
v
b
f
}

R
o
o
A
d
d
P
d
f

s
u
m
P
d
f
_
{
e
t
a
G
o
o
d
;
C
o
n
v
;
v
b
f
}
_
r
e
p
a
r
a
m
e
t
r
i
z
e
d
_
h
g
g

R
o
o
P
r
o
d
P
d
f

B
a
c
k
g
r
o
u
n
d
_
{
e
t
a
G
o
o
d
;
C
o
n
v
;
v
b
f
}

H
fi
t
t
e
r
:
:
M
g
g
B
k
g
P
d
f

B
a
c
k
g
r
o
u
n
d
_
m
g
g
_
{
e
t
a
G
o
o
d
;
C
o
n
v
;
v
b
f
}

R
o
o
A
d
d
P
d
f

B
a
c
k
g
r
o
u
n
d
_
c
o
s
T
h
S
t
a
r
_
{
e
t
a
G
o
o
d
;
C
o
n
v
;
v
b
f
}

R
o
o
G
a
u
s
s
i
a
n

B
a
c
k
g
r
o
u
n
d
_
b
u
m
p
_
c
o
s
T
h
S
t
a
r
_
1
_
{
e
t
a
G
o
o
d
;
C
o
n
v
;
v
b
f
}

H
fi
t
t
e
r
:
:
H
f
t
P
e
g
g
e
d
P
o
l
y

B
a
c
k
g
r
o
u
n
d
_
p
o
l
y
_
c
o
s
T
h
S
t
a
r
_
{
e
t
a
G
o
o
d
;
C
o
n
v
;
v
b
f
}

R
o
o
A
d
d
P
d
f

B
a
c
k
g
r
o
u
n
d
_
p
T
_
{
e
t
a
G
o
o
d
;
C
o
n
v
;
v
b
f
}

H
fi
t
t
e
r
:
:
H
f
t
P
o
l
y
E
x
p

B
a
c
k
g
r
o
u
n
d
_
p
T
_
2
_
{
e
t
a
G
o
o
d
;
C
o
n
v
;
v
b
f
}

H
fi
t
t
e
r
:
:
H
f
t
P
o
l
y
E
x
p

B
a
c
k
g
r
o
u
n
d
_
p
T
_
1
_
{
e
t
a
G
o
o
d
;
C
o
n
v
;
v
b
f
}

R
o
o
P
r
o
d
P
d
f

S
i
g
n
a
l
_
{
e
t
a
G
o
o
d
;
C
o
n
v
;
v
b
f
}

R
o
o
A
d
d
P
d
f

S
i
g
n
a
l
_
m
g
g
_
{
e
t
a
G
o
o
d
;
C
o
n
v
;
v
b
f
}

R
o
o
C
B
S
h
a
p
e

S
i
g
n
a
l
_
m
g
g
_
P
e
a
k
_
{
e
t
a
G
o
o
d
;
C
o
n
v
;
v
b
f
}

R
o
o
F
o
r
m
u
l
a
V
a
r

m
H
i
g
g
s
F
o
r
m
u
l
a
_
{
e
t
a
G
o
o
d
;
C
o
n
v
;
v
b
f
}

R
o
o
A
d
d
P
d
f

S
i
g
n
a
l
_
c
o
s
T
h
S
t
a
r
_
{
e
t
a
G
o
o
d
;
C
o
n
v
;
v
b
f
}

R
o
o
G
a
u
s
s
i
a
n

S
i
g
n
a
l
c
s
t
h
s
t
r
_
1
_
{
e
t
a
G
o
o
d
;
C
o
n
v
;
v
b
f
}

R
o
o
G
a
u
s
s
i
a
n

S
i
g
n
a
l
c
s
t
h
s
t
r
_
2
_
{
e
t
a
G
o
o
d
;
C
o
n
v
;
v
b
f
}

R
o
o
A
d
d
P
d
f

S
i
g
n
a
l
_
p
T
_
{
e
t
a
G
o
o
d
;
C
o
n
v
;
v
b
f
}

R
o
o
B
i
f
u
r
G
a
u
s
s

S
i
g
n
a
l
p
T
_
1
_
{
e
t
a
G
o
o
d
;
C
o
n
v
;
v
b
f
}

R
o
o
G
a
u
s
s
i
a
n

S
i
g
n
a
l
p
T
_
2
_
{
e
t
a
G
o
o
d
;
C
o
n
v
;
v
b
f
}

R
o
o
G
a
u
s
s
i
a
n

S
i
g
n
a
l
p
T
_
3
_
{
e
t
a
G
o
o
d
;
C
o
n
v
;
v
b
f
}

R
o
o
R
e
a
l
V
a
r

n
_
B
a
c
k
g
r
o
u
n
d
_
{
e
t
a
G
o
o
d
;
C
o
n
v
;
v
b
f
}

R
o
o
F
o
r
m
u
l
a
V
a
r

n
C
a
t
_
S
i
g
n
a
l
_
{
e
t
a
G
o
o
d
;
C
o
n
v
;
v
b
f
}
_
r
e
p
a
r
a
m
e
t
r
i
z
e
d
_
h
g
g

R
o
o
R
e
a
l
V
a
r

f
_
S
i
g
n
a
l
_
{
e
t
a
G
o
o
d
;
C
o
n
v
;
v
b
f
}

R
o
o
A
d
d
P
d
f

s
u
m
P
d
f
_
{
e
t
a
M
e
d
;
C
o
n
v
;
v
b
f
}
_
r
e
p
a
r
a
m
e
t
r
i
z
e
d
_
h
g
g

R
o
o
P
r
o
d
P
d
f

B
a
c
k
g
r
o
u
n
d
_
{
e
t
a
M
e
d
;
C
o
n
v
;
v
b
f
}

H
fi
t
t
e
r
:
:
M
g
g
B
k
g
P
d
f

B
a
c
k
g
r
o
u
n
d
_
m
g
g
_
{
e
t
a
M
e
d
;
C
o
n
v
;
v
b
f
}

R
o
o
A
d
d
P
d
f

B
a
c
k
g
r
o
u
n
d
_
c
o
s
T
h
S
t
a
r
_
{
e
t
a
M
e
d
;
C
o
n
v
;
v
b
f
}

R
o
o
G
a
u
s
s
i
a
n

B
a
c
k
g
r
o
u
n
d
_
b
u
m
p
_
c
o
s
T
h
S
t
a
r
_
1
_
{
e
t
a
M
e
d
;
C
o
n
v
;
v
b
f
}

H
fi
t
t
e
r
:
:
H
f
t
P
e
g
g
e
d
P
o
l
y

B
a
c
k
g
r
o
u
n
d
_
p
o
l
y
_
c
o
s
T
h
S
t
a
r
_
{
e
t
a
M
e
d
;
C
o
n
v
;
v
b
f
}

R
o
o
A
d
d
P
d
f

B
a
c
k
g
r
o
u
n
d
_
p
T
_
{
e
t
a
M
e
d
;
C
o
n
v
;
v
b
f
}

H
fi
t
t
e
r
:
:
H
f
t
P
o
l
y
E
x
p

B
a
c
k
g
r
o
u
n
d
_
p
T
_
2
_
{
e
t
a
M
e
d
;
C
o
n
v
;
v
b
f
}

H
fi
t
t
e
r
:
:
H
f
t
P
o
l
y
E
x
p

B
a
c
k
g
r
o
u
n
d
_
p
T
_
1
_
{
e
t
a
M
e
d
;
C
o
n
v
;
v
b
f
}

R
o
o
P
r
o
d
P
d
f

S
i
g
n
a
l
_
{
e
t
a
M
e
d
;
C
o
n
v
;
v
b
f
}

R
o
o
A
d
d
P
d
f

S
i
g
n
a
l
_
m
g
g
_
{
e
t
a
M
e
d
;
C
o
n
v
;
v
b
f
}

R
o
o
C
B
S
h
a
p
e

S
i
g
n
a
l
_
m
g
g
_
P
e
a
k
_
{
e
t
a
M
e
d
;
C
o
n
v
;
v
b
f
}

R
o
o
F
o
r
m
u
l
a
V
a
r

m
H
i
g
g
s
F
o
r
m
u
l
a
_
{
e
t
a
M
e
d
;
C
o
n
v
;
v
b
f
}

R
o
o
A
d
d
P
d
f

S
i
g
n
a
l
_
c
o
s
T
h
S
t
a
r
_
{
e
t
a
M
e
d
;
C
o
n
v
;
v
b
f
}

R
o
o
G
a
u
s
s
i
a
n

S
i
g
n
a
l
c
s
t
h
s
t
r
_
1
_
{
e
t
a
M
e
d
;
C
o
n
v
;
v
b
f
}

R
o
o
G
a
u
s
s
i
a
n

S
i
g
n
a
l
c
s
t
h
s
t
r
_
2
_
{
e
t
a
M
e
d
;
C
o
n
v
;
v
b
f
}

R
o
o
A
d
d
P
d
f

S
i
g
n
a
l
_
p
T
_
{
e
t
a
M
e
d
;
C
o
n
v
;
v
b
f
}

R
o
o
B
i
f
u
r
G
a
u
s
s

S
i
g
n
a
l
p
T
_
1
_
{
e
t
a
M
e
d
;
C
o
n
v
;
v
b
f
}

R
o
o
G
a
u
s
s
i
a
n

S
i
g
n
a
l
p
T
_
2
_
{
e
t
a
M
e
d
;
C
o
n
v
;
v
b
f
}

R
o
o
G
a
u
s
s
i
a
n

S
i
g
n
a
l
p
T
_
3
_
{
e
t
a
M
e
d
;
C
o
n
v
;
v
b
f
}

R
o
o
R
e
a
l
V
a
r

n
_
B
a
c
k
g
r
o
u
n
d
_
{
e
t
a
M
e
d
;
C
o
n
v
;
v
b
f
}

R
o
o
F
o
r
m
u
l
a
V
a
r

n
C
a
t
_
S
i
g
n
a
l
_
{
e
t
a
M
e
d
;
C
o
n
v
;
v
b
f
}
_
r
e
p
a
r
a
m
e
t
r
i
z
e
d
_
h
g
g

R
o
o
R
e
a
l
V
a
r

f
_
S
i
g
n
a
l
_
{
e
t
a
M
e
d
;
C
o
n
v
;
v
b
f
}

R
o
o
A
d
d
P
d
f

s
u
m
P
d
f
_
{
e
t
a
B
a
d
;
C
o
n
v
;
v
b
f
}
_
r
e
p
a
r
a
m
e
t
r
i
z
e
d
_
h
g
g

R
o
o
P
r
o
d
P
d
f

B
a
c
k
g
r
o
u
n
d
_
{
e
t
a
B
a
d
;
C
o
n
v
;
v
b
f
}

H
fi
t
t
e
r
:
:
M
g
g
B
k
g
P
d
f

B
a
c
k
g
r
o
u
n
d
_
m
g
g
_
{
e
t
a
B
a
d
;
C
o
n
v
;
v
b
f
}

R
o
o
A
d
d
P
d
f

B
a
c
k
g
r
o
u
n
d
_
c
o
s
T
h
S
t
a
r
_
{
e
t
a
B
a
d
;
C
o
n
v
;
v
b
f
}

R
o
o
G
a
u
s
s
i
a
n

B
a
c
k
g
r
o
u
n
d
_
b
u
m
p
_
c
o
s
T
h
S
t
a
r
_
1
_
{
e
t
a
B
a
d
;
C
o
n
v
;
v
b
f
}

H
fi
t
t
e
r
:
:
H
f
t
P
e
g
g
e
d
P
o
l
y

B
a
c
k
g
r
o
u
n
d
_
p
o
l
y
_
c
o
s
T
h
S
t
a
r
_
{
e
t
a
B
a
d
;
C
o
n
v
;
v
b
f
}

R
o
o
A
d
d
P
d
f

B
a
c
k
g
r
o
u
n
d
_
p
T
_
{
e
t
a
B
a
d
;
C
o
n
v
;
v
b
f
}

H
fi
t
t
e
r
:
:
H
f
t
P
o
l
y
E
x
p

B
a
c
k
g
r
o
u
n
d
_
p
T
_
2
_
{
e
t
a
B
a
d
;
C
o
n
v
;
v
b
f
}

H
fi
t
t
e
r
:
:
H
f
t
P
o
l
y
E
x
p

B
a
c
k
g
r
o
u
n
d
_
p
T
_
1
_
{
e
t
a
B
a
d
;
C
o
n
v
;
v
b
f
}

R
o
o
P
r
o
d
P
d
f

S
i
g
n
a
l
_
{
e
t
a
B
a
d
;
C
o
n
v
;
v
b
f
}

R
o
o
A
d
d
P
d
f

S
i
g
n
a
l
_
m
g
g
_
{
e
t
a
B
a
d
;
C
o
n
v
;
v
b
f
}

R
o
o
C
B
S
h
a
p
e

S
i
g
n
a
l
_
m
g
g
_
P
e
a
k
_
{
e
t
a
B
a
d
;
C
o
n
v
;
v
b
f
}

R
o
o
F
o
r
m
u
l
a
V
a
r

m
H
i
g
g
s
F
o
r
m
u
l
a
_
{
e
t
a
B
a
d
;
C
o
n
v
;
v
b
f
}

R
o
o
A
d
d
P
d
f

S
i
g
n
a
l
_
c
o
s
T
h
S
t
a
r
_
{
e
t
a
B
a
d
;
C
o
n
v
;
v
b
f
}

R
o
o
G
a
u
s
s
i
a
n

S
i
g
n
a
l
c
s
t
h
s
t
r
_
1
_
{
e
t
a
B
a
d
;
C
o
n
v
;
v
b
f
}

R
o
o
G
a
u
s
s
i
a
n

S
i
g
n
a
l
c
s
t
h
s
t
r
_
2
_
{
e
t
a
B
a
d
;
C
o
n
v
;
v
b
f
}

R
o
o
A
d
d
P
d
f

S
i
g
n
a
l
_
p
T
_
{
e
t
a
B
a
d
;
C
o
n
v
;
v
b
f
}

R
o
o
B
i
f
u
r
G
a
u
s
s

S
i
g
n
a
l
p
T
_
1
_
{
e
t
a
B
a
d
;
C
o
n
v
;
v
b
f
}

R
o
o
G
a
u
s
s
i
a
n

S
i
g
n
a
l
p
T
_
2
_
{
e
t
a
B
a
d
;
C
o
n
v
;
v
b
f
}

R
o
o
G
a
u
s
s
i
a
n

S
i
g
n
a
l
p
T
_
3
_
{
e
t
a
B
a
d
;
C
o
n
v
;
v
b
f
}

R
o
o
R
e
a
l
V
a
r

n
_
B
a
c
k
g
r
o
u
n
d
_
{
e
t
a
B
a
d
;
C
o
n
v
;
v
b
f
}

R
o
o
F
o
r
m
u
l
a
V
a
r

n
C
a
t
_
S
i
g
n
a
l
_
{
e
t
a
B
a
d
;
C
o
n
v
;
v
b
f
}
_
r
e
p
a
r
a
m
e
t
r
i
z
e
d
_
h
g
g

R
o
o
R
e
a
l
V
a
r

f
_
S
i
g
n
a
l
_
{
e
t
a
B
a
d
;
C
o
n
v
;
v
b
f
}

R
o
o
R
e
a
l
V
a
r

b
k
g
_
c
s
t
h
P
o
w
e
r
_
{
e
t
a
G
o
o
d
;
j
e
t
}

R
o
o
R
e
a
l
V
a
r

b
k
g
_
c
s
t
h
C
o
e
f
1
_
{
e
t
a
G
o
o
d
;
j
e
t
}

R
o
o
R
e
a
l
V
a
r

b
k
g
_
c
s
t
h
C
o
e
f
2
_
{
e
t
a
G
o
o
d
;
j
e
t
}

R
o
o
R
e
a
l
V
a
r

b
k
g
_
c
s
t
h
C
o
e
f
4
_
{
e
t
a
G
o
o
d
;
j
e
t
}

R
o
o
R
e
a
l
V
a
r

b
k
g
_
c
s
t
h
C
o
e
f
6
_
{
e
t
a
G
o
o
d
;
j
e
t
}

R
o
o
R
e
a
l
V
a
r

b
k
g
_
p
t
P
o
w
2
_
j
e
t

R
o
o
R
e
a
l
V
a
r

b
k
g
_
p
t
E
x
p
2
_
j
e
t

R
o
o
R
e
a
l
V
a
r

b
k
g
_
p
t
T
a
i
l
1
N
o
r
m
_
j
e
t

R
o
o
R
e
a
l
V
a
r

s
i
g
_
c
s
t
h
s
t
r
0
_
1
_
{
e
t
a
G
o
o
d
;
j
e
t
}

R
o
o
R
e
a
l
V
a
r

s
i
g
_
c
s
t
h
s
t
r
0
_
2
_
{
e
t
a
G
o
o
d
;
j
e
t
}

R
o
o
R
e
a
l
V
a
r

s
i
g
_
c
s
t
h
s
t
r
R
e
l
N
o
r
m
_
1
_
{
e
t
a
G
o
o
d
;
j
e
t
}

R
o
o
A
d
d
P
d
f

s
u
m
P
d
f
_
{
e
t
a
G
o
o
d
;
C
o
n
v
;
j
e
t
}
_
r
e
p
a
r
a
m
e
t
r
i
z
e
d
_
h
g
g

R
o
o
P
r
o
d
P
d
f

B
a
c
k
g
r
o
u
n
d
_
{
e
t
a
G
o
o
d
;
C
o
n
v
;
j
e
t
}

H
fi
t
t
e
r
:
:
M
g
g
B
k
g
P
d
f

B
a
c
k
g
r
o
u
n
d
_
m
g
g
_
{
e
t
a
G
o
o
d
;
C
o
n
v
;
j
e
t
}

R
o
o
A
d
d
P
d
f

B
a
c
k
g
r
o
u
n
d
_
c
o
s
T
h
S
t
a
r
_
{
e
t
a
G
o
o
d
;
C
o
n
v
;
j
e
t
}

R
o
o
G
a
u
s
s
i
a
n

B
a
c
k
g
r
o
u
n
d
_
b
u
m
p
_
c
o
s
T
h
S
t
a
r
_
1
_
{
e
t
a
G
o
o
d
;
C
o
n
v
;
j
e
t
}

H
fi
t
t
e
r
:
:
H
f
t
P
e
g
g
e
d
P
o
l
y

B
a
c
k
g
r
o
u
n
d
_
p
o
l
y
_
c
o
s
T
h
S
t
a
r
_
{
e
t
a
G
o
o
d
;
C
o
n
v
;
j
e
t
}

R
o
o
A
d
d
P
d
f

B
a
c
k
g
r
o
u
n
d
_
p
T
_
{
e
t
a
G
o
o
d
;
C
o
n
v
;
j
e
t
}

H
fi
t
t
e
r
:
:
H
f
t
P
o
l
y
E
x
p

B
a
c
k
g
r
o
u
n
d
_
p
T
_
2
_
{
e
t
a
G
o
o
d
;
C
o
n
v
;
j
e
t
}

H
fi
t
t
e
r
:
:
H
f
t
P
o
l
y
E
x
p

B
a
c
k
g
r
o
u
n
d
_
p
T
_
1
_
{
e
t
a
G
o
o
d
;
C
o
n
v
;
j
e
t
}

R
o
o
P
r
o
d
P
d
f

S
i
g
n
a
l
_
{
e
t
a
G
o
o
d
;
C
o
n
v
;
j
e
t
}

R
o
o
A
d
d
P
d
f

S
i
g
n
a
l
_
m
g
g
_
{
e
t
a
G
o
o
d
;
C
o
n
v
;
j
e
t
}

R
o
o
C
B
S
h
a
p
e

S
i
g
n
a
l
_
m
g
g
_
P
e
a
k
_
{
e
t
a
G
o
o
d
;
C
o
n
v
;
j
e
t
}

R
o
o
F
o
r
m
u
l
a
V
a
r

m
H
i
g
g
s
F
o
r
m
u
l
a
_
{
e
t
a
G
o
o
d
;
C
o
n
v
;
j
e
t
}

R
o
o
A
d
d
P
d
f

S
i
g
n
a
l
_
c
o
s
T
h
S
t
a
r
_
{
e
t
a
G
o
o
d
;
C
o
n
v
;
j
e
t
}

R
o
o
G
a
u
s
s
i
a
n

S
i
g
n
a
l
c
s
t
h
s
t
r
_
1
_
{
e
t
a
G
o
o
d
;
C
o
n
v
;
j
e
t
}

R
o
o
G
a
u
s
s
i
a
n

S
i
g
n
a
l
c
s
t
h
s
t
r
_
2
_
{
e
t
a
G
o
o
d
;
C
o
n
v
;
j
e
t
}

R
o
o
A
d
d
P
d
f

S
i
g
n
a
l
_
p
T
_
{
e
t
a
G
o
o
d
;
C
o
n
v
;
j
e
t
}

R
o
o
B
i
f
u
r
G
a
u
s
s

S
i
g
n
a
l
p
T
_
1
_
{
e
t
a
G
o
o
d
;
C
o
n
v
;
j
e
t
}

R
o
o
G
a
u
s
s
i
a
n

S
i
g
n
a
l
p
T
_
2
_
{
e
t
a
G
o
o
d
;
C
o
n
v
;
j
e
t
}

R
o
o
G
a
u
s
s
i
a
n

S
i
g
n
a
l
p
T
_
3
_
{
e
t
a
G
o
o
d
;
C
o
n
v
;
j
e
t
}

R
o
o
R
e
a
l
V
a
r

n
_
B
a
c
k
g
r
o
u
n
d
_
{
e
t
a
G
o
o
d
;
C
o
n
v
;
j
e
t
}

R
o
o
F
o
r
m
u
l
a
V
a
r

n
C
a
t
_
S
i
g
n
a
l
_
{
e
t
a
G
o
o
d
;
C
o
n
v
;
j
e
t
}
_
r
e
p
a
r
a
m
e
t
r
i
z
e
d
_
h
g
g

R
o
o
R
e
a
l
V
a
r

f
_
S
i
g
n
a
l
_
{
e
t
a
G
o
o
d
;
C
o
n
v
;
j
e
t
}

! scales to complicated models
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RooFit Documentation
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ftp://root.cern.ch/root/doc/RooFit_Users_Manual_2.91-33.pdf

New tutorial macros available

A completely new set of 70(!) tutorial macros is now available in $ROOTSYS/tutorials/roofit 

These macros are divided in several subjects and are all referenced as iluustrations of concepts 

explained in the forthcoming edition on RooFit Users Manual. All macros are extensively 

documented and each is fully functional standalone. The accompanying update of the Manual is 

expected mid-September.

http://root.cern.ch/root/v522/Version522.news.html#roofit

Updated User’s Guide:
134 page document
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RooStats Wiki page
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https://twiki.cern.ch/twiki/bin/view/RooStats/WebHome
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