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Goals
General

parameter estimation for all reaction cases
→ allow customised PDF classes
→ use of strings to define PDF

User friendly
→ Use ROOT Jupyter notebooks and/or PyROOT
→ Minimise amount of user code

Fast Efficient calculation
→ Cache data and integrals
→ parallelise with via RooFit multicore Likelihood splitting
→ parallelise bins with ROOT PROOF multicore
→ parallelise on farm

Reliable results
Systematic uncertainties in extraction procedure?
→ ToyMC fits

Yields
Polarisation Observables
Spin Density Matrix 
Angular Moments
Amplitudes...
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RooFit and RooStats

Used in many analysis in HEP

RooFit ~830 citations
RooStats ~670 citations

Optimised maximum likelihood
fitter + lots of features
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RooFit

C++ command line 
interface & macros

Data management &
 histogramming

Graphics interface

I/O support

MINUIT

ToyMC data
Generation

Data/Model
Fitting

Data Modeling

Model 
Visualization

From Introduction to RooFit (W. Verkerke)
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RooFit 
• Mathematical objects are represented as C++ objects

variable RooRealVar

function RooAbsReal

PDF RooAbsPdf

space point RooArgSet

list of space points RooAbsData

integral RooRealIntegral

RooFit classMathematical concept
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Adapted from Introduction to RooFit (W. Verkerke)

PDF summation RooAddPdf

PDF product

)(xf )(xf+1 2

)(xf )(xf·1 2 RooProdPdf
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Model building – (Re)using standard components

• List of most frequently used pdfs and their factory spec

Gaussian      Gaussian::g(x,mean,sigma)

Breit-Wigner BreitWigner::bw(x,mean,gamma)

Landau         Landau::l(x,mean,sigma)

Exponential  Exponental::e(x,alpha)

Polynomial  Polynomial::p(x,{a0,a1,a2})

Chebychev    Chebychev::p(x,{a0,a1,a2})

Kernel Estimation        KeysPdf::k(x,dataSet)

Poisson       Poisson::p(x,mu)

Voigtian     Voigtian::v(x,mean,gamma,sigma)
(=BW⊗G)

From Introduction to RooFit (W. Verkerke)
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Application of RooFit
Is it useful for extracting parameters from fits to angular 
distributions of real experimental data ?

Arbitrary PDF → Skeleton Pdf code generator
→ Define evaluate() function
→ Use TFormula string→function→pdf
→ Analytic or Numerical integrator  

Signal / background → simultaneous fit to both 
S(x)*f

S
(y,θ

S
)+B(x)*f

B
(y,θ

B
(x))

→ sPlot + weighted likelihood fits

Acceptance correction → No, but could use weights

Systematic uncertainties → ToyMC studies

Many fits to different bins → Not trivialy
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Software Structure

FitManager
ToyManager
sPlotManager

RooFit fitTo

Setup

RooWorkspace

Data

Bins

RooDataSet

Event PDFs

Process::Here
Process::Proof
Process::Farm

Parameters
Observables
Pdfs...

Event-by-event
Vector or tree store

PDF+data=likelihood

ROOT Ntuple

split data 
make manyfits

Weights

RooFit New
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Maximum Likelihood with acceptance
Likelihood = product Prob.
function f with observables τ and pars p

With acceptance need product 
of f and acceptance function

Probability Normalisation ∫

Extended ML with Poisson statistics

Minimise -ln(L)
Drop terms independent of p

Drop acceptance in sum over events

Need to minimise this

Approximating A(p) as sum of 
f over M accepted Monte-Carlo events
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Simulated MC integrals for RooFit : 
RooHSEventsPDF

RooFit PDF classes require normalisation
-This can be done by users own method 
-Or RooFit performs is own numerical integration(vegas)

RooHSEventsPDF calculates its own integral by summing over MC events – includes 
partial integration for plotting

Requires ROOT tree of reconstructed MC events with fit variables

Can give weights to MC events (e.g. better match non-fitted data and MC 
distributions, importance sampling)

Additionally can generate events using true values if these are past through in 
the tree
 - Evaluate function with generated truth, produce events with simulated 
reconstructed

Works any number of fit observables or parameters
- i.e. given a Ndim Model it will fit for Mpar parameters accounting for 

detector acceptance effects



 11

Fits with acceptance
True
A=0.4
B=-0.6

+ 

=
Plotting of fit function
integrates over MC events

100% acceptance
PDF : 1 + Acos(2ϕ)+Bsin(2ϕ)
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Example Fit in Jupyter
Output location

Fit Observables

Cuts to other variables

Define PDF (here load a class)
1+ A*PolState*Pol*cos(2 )+ϕ  B*PolState*Pol*sin(2ϕ)

Split data in bins of Eg

Set Fit and MC Integral data

Set Event weights

Run fit here or on PROOF
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sPlot

Part of RooStats(used here)
Can include multiple signal
and background species

N
s
 = Number of species

f
k
 = PDF for species k

N
k
 = Yield for species k

V = covariance matrix

M. Pivk,F.R. Le Diberder,Nucl.Inst.Meth.A 555, 356-369, 2005 

Given discriminatory PDF for signal and background calculates weight :

Can use directly in likelihood fits
In this package running sPlot, same as running any fit

But only as good as fit model…

And Signal OR Background observable distributions cannot 
correlate with discriminatory variables
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Example fit and 
disentangled distributions

 ω

 ρSignal

BG

Note 2 fits required. First fixes alpha and off.
Second, only Yields free => Covariance matrix 

 γp → pπ+(π-)p → pπ+(π-) Models from simulated π+π-p and π+π-π0p events 

Use 
weights
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Maximum likelihood with weights

−2 ln (L( p))=−2α[∑
i

W i ln (f (τ i , p))+A ( p)] α=

∑
i

W i

∑
i

W i
2

Weights subtract off background 
contribution to likelihood

α term reduces gradient
Therefore increase uncertainty

Many analysis include additional factor to 
better approximate uncertainties
e.g 
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RooFit with weights

−2 ln (L( p))=−2 [∑
i

W i ln ( f ( τ , p))+A ( p)]

covariance matrix for (1)

covariance matrix for (2)

−2 ln (L( p))=−2 [∑
i

W i
2 ln ( f ( τ , p))+A ( p)]

Taken from https://twiki.cern.ch/twiki/pub/Main/RooFit/baak_eventweights.pdf

(1)

(2)

errors scale with
∑
i

W i
2

∑
i

W i

Minimise this

Also calculate this



 17

Weighted Fit uncertainties validation

Toy Fits : Signal 8k f(M)= Gaussian(6,0.2) g(Φ)= 1 + 0.92cos(2Φ)
Backgr 40k f(M)= Uniform g(Φ)= Uniform

sPlot to get 
signal weights
for cos(2Φ) fit

Signal 
weighted fit
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Weighted Fit uncertainties validation
RooFit errors,400 fits, change A 

A=0.5 A=0.82 A=0.92
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Weighted Fit uncertainties validation
RooFit errors,400 fits, change BG 

A=0.92 A=0.92 A=0.92

Near limit
Non-Gaussian
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Weighted Fit uncertainties validation
α-factor errors,400 fits, change A 

A=0.5 A=0.82 A=0.92
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Uncertainities with acceptance

Uncertainties from simulated MC integral are not propogated to Minuit 
covariance matrix

Normally try to have x10 MC events ~ 1/√10 ~ 0.3 additional factor on 
statistical uncertainty

Can be estimated via boostrapping the MC events samples

For asymmetries MC statistical uncertainty can be removed by 
calculating

As this will be constant, rather than

∑
i=0

Nacc

f (τ , p , P=+1)+∑
i=0

Nacc

f (τ , p , P=−1)

∑
i=0

Nacc /2

f (τ , p , P=+1)+ ∑
i=Nacc/2

Nacc

f (τ , p ,P=−1)

In the limit N(+)=N(-)=Nacc/2

With small corrections in the 
case of asymmetries in 
luminosity N(+)!=N(-)
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Minimisers

It is straightforward to try different minimisers to fit the data

Minuit2 is used by default

To use Minuit :  

Fitter.SetMinimiser(new RooMinuit());

Or an MCMC implementation :

 Fitter.SetMinimiser(new RooMcmcSeq(30000,10000,1000));

Number of samples

Number of burnin

1/StepSize
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MCMC with Metropolis-Hastings, for 
finding parameter values

From Metamodel for Efficient Estimation of Capacity-Fade Uncertainty in Li-Ion
 Batteries for Electric Vehicles. Energies. 8. 5538-5554. 10.3390/en8065538. 

Current parameters = θ
k
 

Choose θ’ from q(θ’,θ
k
) (proposal func.)

If L(θ’)/L(θ
k
) > Uniform(0,1)

 => Take θ’ as next parameters sample

We use sequential proposal
i.e. change 1 parameter to
P += RandGaussian(P,P

range
*StepSize) 
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MCMC Test Minuit fit

Generated Data with true PDFs Minuit Fit results
Random initial parameters
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MCMC Test fit

Posterior distributions
 of parameters

MCMC
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Systematic Studies: ToyMC in Jupyter

FIT residuals

FIT pulls
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Example : ToyMC study  in Jupyter

Get new ToyManager from previous fit

Run multicore on PROOF-lite
(or could use ROOT.Farm.Go(fit2))

Plot parameter distributions and 
pulls for the 400 toy fits
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Speeding up likelihood calculation 

Intrinsic RooFit optimisations implemented in RooNLLVar

Variables not used by PDF are dropped

PDF normalisation integrals only recalculated when range or 
parameter of that PDF changes

Components with no or constant parameters are
precalculated and cached
→  but you must construct your PDF carefully to benefit
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Fit with several paramteres but 1 
component

Generate toy data (100k):
f(φ)=1 + 0.5*cos(2φ)

Fit with function :
f(φ)=1 + A*cos(2φ)+ B*sin(2φ) 
    + C*cos(φ) + D*cos(4φ)

Use RooFit Factory Expression Pdf, 
takes general formula string

Only has 1 component, so any 
time A,B,C,D change must 
recalculate for every event

Fit in 10.5 seconds
This uses a numerical integration
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Fit with many components
Generate toy data (100k):

f(φ)=1 + 0.5*cos(2φ)

Fit with function :
f(φ)=1 + A*cos(2φ)+ B*sin(2φ) 
    + C*cos(φ) + D*cos(4φ)

Use RooFit Factory Expression Pdf, 
takes general formula string

Define 4 sepearate terms which are
Combined into 1 PDF

COS2,SIN2 etc do not depend on any 
parameters =>precalculated and 
cached

Fit in 4.5 secondsThis uses a numerical integration
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Speeding up MC integrals

A( p)=∑
i=0

Nacc

f (τ i , p)

A( p)=∑
i=0

Nacc

P0( p)∗f 0(τ i) + P1( p)∗f 1(τ i) + P2(p)∗f 2(τ i) + ...

No factorisation, must recalculate every time 
one parameter changes

A( p)= P0( p)∑
i=0

Nacc

f 0(τ i) + ...
Summations over f

j
s only needs done once

and then cached = F
j

i.e just  1 loop of MC events 

Calculation of integral each step becomes very fast to calculate

A( p)=P0( p)∗F0 + P1(p)∗F1 + P2( p)∗F2 + ...

Already done in dedicated Amplitude Analysis software
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RooComponentsPDF
Inherits from RooHSEventsPDF

- loads MC integral events tree

Takes any number of parameters, functions, formula, …
- anything that is RooAbsReal

Sorts each component into parameter dependent/independent terms

Precalculates normalisation integral terms at start of fit

Can be used for any PDF that can be written as a sum of products
with fit parameters and observable parts factorised :

  
P0( pa)∗Q0( pb)∗f 0( τc)∗g0(τd ) + P1( pa)∗Q 1( pb)∗f 1(τc )∗g1( τd) + .. .

Some subsets of p Some subsets of τ
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Fit with RooComponentsPDF
Generate toy data (100k):

f(φ)=1 + 0.5*cos(2φ)

Fit with function :
f(φ)=1 + A*cos(2φ)+ B*sin(2φ) 
    + C*cos(φ) + D*cos(4φ)

Use RooComponentsPDF, 
give 100k MC events for integral

Define 4 sepearate terms which are
Combined into 1 PDF

COS2,SIN2 etc do not depend on any 
parameters =>precalculated and 
cached

Fit in 2.2 seconds
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Measuring hadron SDMEs
P. Pauli, Glasgow

Toy Example  γp → XY+ with  X → P+P-  
Use decay angles of X : θ, φ
Planar production angle relative to Linear polarisation Φ
Degree of linear polarisation P

γ
    

→ 
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SDME code

Formula independent of parameters
=> precalculated and cached

RooComponentsPDF used for fast integration
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SDME Pseudo data Fits
Acceptance :  Holes in Lab θ

 Reduced acceptance in decay θ
Number data events =13k MC Integral 100k
Run MCMC for 5000 posterior points (efficiency was ~3%)
Old Time = 64,000 s RooComponentsPDF = 1,400 s ~factor 50 speed-up

~23% is optimal so 
Could be ~7x faster
Just change step size!

Data generated with random SDME values

Pseudo data
Fit PDF
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SDME MCMC diagnostics

MCMC entry # Log x scale

“Burn in”
~200 entries
~60s

“Corner Plots”

=>parameter 
  correlations Parameter v entry

“parameter history”
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SDME Generate and MCMC 400 Toydatasets
- Look for bias, correct uncertainties
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SDME Generate and MCMC 400 Toydatasets
- Include background and sWeights 

Fit to pseudo discriminatory 
variable
i.e. different PDF for 
     sig and BG
Use weights in toy fits
Look for distortions due to 
background subtraction

Signal
BG

Would like this to be standard procedure

MCMC more robust than Minuit with weights
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JPAC, Two Meson Photoproduction : Moments

I (Ω ,Φ) = I 0(Ω) − Pγ I
1(Ω)cos (2Φ) − Pγ I

2(Ω)sin(2Φ)

I 0
(Ω) = ∑

L
∑
M=0

M≤L

√(
2 L+1

4 π
)(2−δM , 0)H

0
(L ,M )ℜ[Y L

M
(Ω)]

I 1
(Ω) = −∑

L
∑
M=0

M≤L

√(
2L+1

4 π
)(2−δM ,0)H

1
(L , M )ℜ[Y L

M
(Ω)]

I 2
(Ω) = 2∑

L
∑
M=0

M≤L

√(
2L+1

4 π
)ℑ[H 2

(L, M )]ℑ [Y L
M
(Ω)]

Directly relate YM
L 
moments to 

partial waves : 

Fit Function 
= sum of products
=>RooComponentsPDF

Just requires
RooHSSphHarmonic
class
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Experimental : Parsers

Parsers → Create string for configuring RooComponentsPDF  

Becomes function with 22 Hi(L,M) fit parameters, 

RooComponentsPDF::Moments(0,{CosTh,Phi,PolPhi,Pol},=H_0_0_0[1];ReY_0_0:
H_0_1_0[0,-1,1];ReY_1_0:H_0_1_1[0,-1,1];ReY_1_1:H_0_2_0[0,-1,1];ReY_2_0:
H_0_2_1[0,-1,1];ReY_2_1:H_0_2_2[0,-1,1]; ReY_2_2:H_0_3_0[0,-1,1];ReY_3_0:
H_0_3_1[0,-1,1];ReY_3_1:H_0_3_2[0,-1,1];ReY_3_2:H_1_0_0[0,-1,1]; ReY_0_0;COS2PHI:
H_1_1_0[0,-1,1];ReY_1_0;COS2PHI:H_1_1_1[0,-1,1];ReY_1_1;COS2PHI: 
H_1_2_0[0,1,1];ReY_2_0;COS2PHI:H_1_2_1[0,-1,1];ReY_2_1;COS2PHI:
H_1_2_2[0,-1,1];ReY_2_2;COS2PHI:H_1_3_0[0,-1,1]; ReY_3_0;COS2PHI:
H_1_3_1[0,1,1];ReY_3_1;COS2PHI:H_1_3_2[0,1,1];ReY_3_2;COS2PHI:
H_2_1_1[0,-1,1];ImY_1_1;SIN2PHI:H_2_2_1[0,-1,1];ImY_2_1;SIN2PHI:
H_2_2_2[0,-1,1];ImY_2_2;SIN2PHI:H_2_3_1[0,1,1];ImY_3_1;SIN2PHI:H_2_3_2[0,-1,1];ImY_3_2;SIN2PHI)

Objects of 
RooHSSphHarmonicRe
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Fit Pseudo Data with Moments PDF
Pseudo Data 100K events

+ 100K MC events

L<4,M<3 22 paramters
Fit with Minuit
→ 40s
Fit with MCMC
2000 samples
→ 260s 18%accept

L<5,M<4 36 params.
Fit with Minuit
→ 130s
Fit with MCMC
2000 samples
→ 360s 18%accept

MCMC scales better
with parameter #

MCMC parameters V “time” 

Burn-in (10% of steps)
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Proof of principal : Fitting Amplitudes

RooFit does not directly support complex numbers
- Try expanding intensities with amplitudes so only deal with real

valued numbers and functions

(∑ AB)
2

= ∑
i

F (A i , A i)F(B i , Bi)+2∑
i
∑
j

i< j

[F (A i , A j)F(B i , B j)−G(A i , A j)G(Bi ,B j)]

F (C , D)=ℜ(C)ℜ(D)+ℑ(C)ℑ(D) G(C , D)=ℑ(C)ℜ(D)−ℜ(C)ℑ (D)

Define RooFit function for F and G which take 4 real numbers

These numbers can be real and imaginery parts of complex parameters
or functions (e.g. YM

L
)

(∑ hL
M Y L

M
)

2
= F(h0

0 , h0
0
)F(Y 0

0 ,Y 0
0
) + F (h1

0 , h1
0
)F (Y 1

0 , Y 1
0
) ...

+ 2 F(h0
0 , h1

0
)F(Y 0

0 ,Y 1
0
) − 2G(h0

0 , h1
0
)G(Y 0

0 ,Y 1
0
) +.. .

Sum of products of
F and G functions
→ RooComponentsPDF
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JPAC, Two Meson Photoproduction: Amps

Amplitudes given as 

Use “Parser”  to code as

Real and imaginery fit parameters Complex spherical harmonics

L<2 M=-1,0,1 <L
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Pseudo data, Spherical Harmonic Moments Fit to 
data generated with amplitudes

(L,M) = (1,0): H0 =   0.3578 ; 
(L,M) = (1,1): H0 =   0.0000 ; 
(L,M) = (2,0): H0 =  -0.0629 ; 
(L,M) = (2,1): H0 =   0.0000 ;
(L,M) = (2,2): H0 =  -0.1680 ;
(L,M) = (3,0): H0 =  -0.1533 ; 
(L,M) = (3,1): H0 =   0.0000 
(L,M) = (3,2): H0 =  -0.1400 ;
(L,M) = (3,3): H0 =   0.0000 ;
(L,M) = (4,0): H0 =  -0.0762 ;
(L,M) = (4,1): H0 =   0.0000 ;
(L,M) = (4,2): H0 =  -0.0602 ;
(L,M) = (4,3): H0 =   0.0000 ; 
(L,M) = (4,4): H0 =   0.0000 ;

H_0_1_0      = 0.358112     +/-  0.00797507   
H_0_1_1      = -0.000740184     +/-  0.000722244  
H_0_2_0      = -0.0623866     +/-  0.000474004    
H_0_2_1      = -0.000551358     +/-  0.000478794     
H_0_2_2      = -0.169541     +/-  0.000885905    
H_0_3_0      = -0.153232     +/-  0.00448687    
H_0_3_1      = -0.000258408     +/-  0.000334288    
H_0_3_2      = -0.140019     +/-  0.00137683    
H_0_3_3      = 0.000338522     +/-  0.000556094    
H_0_4_0      = -0.0765479     +/-  0.000712912    
H_0_4_1      = 0.00024877     +/-  0.00030687    
H_0_4_2      = -0.0605708     +/-  0.000410417    
H_0_4_3      = -0.000109336     +/-  0.000434857    
H_0_4_4      = 0.000138865     +/-  0.000480976

Analytical Moments 
from Amplitudes Fit Results

 φ

cosθ
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Pseudo data, Amplitudes Fit to data generated 
with amplitudes

 φ

cosθ

Amplitude fit works, 
but...
Need to account for 
discrete and continous 
ambiguities

Parameter correlations

MCMC “Fits”
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Summary

We are developing general data fitting tools based on RooFit

Extend RooFit by adding PDF class with normalisation integral 
calculated from simulated MC events

Extend this by adding further PDF with cached MC integrals

Fits can be performed via “user friendly” Juptyer notebooks

Applying ToyMC studies to fits with signal and background is a good 
way to investigate systematic effects in the parameter extraction

Tools will be used with MesonEx experiment

Already being applied to CLAS, GLUEX, CB@MAMI data

mailto:CB@MAMI
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M

RooComponentsPDF::Amplitudes(0,{CosTh,Phi},=_CSST_h_0_0_h_0_0;_CSST_Y_0_0_Y_0_0:_CSST_h_0_0_h_1_-1;_CSST_Y_0_0_Y_1_-
1:_CSST_h_0_0_h_1_0;_CSST_Y_0_0_Y_1_0:_CSST_h_0_0_h_1_1;_CSST_Y_0_0_Y_1_1:_CSST_h_0_0_h_2_-1;_CSST_Y_0_0_Y_2_-
1:_CSST_h_0_0_h_2_0;_CSST_Y_0_0_Y_2_0:_CSST_h_0_0_h_2_1;_CSST_Y_0_0_Y_2_1:_CSST_h_1_-1_h_0_0;_CSST_Y_1_-1_Y_0_0:_CSST_h_1_-1_h_1_-1;_CSST_Y_1_-
1_Y_1_-1:_CSST_h_1_-1_h_1_0;_CSST_Y_1_-1_Y_1_0:_CSST_h_1_-1_h_1_1;_CSST_Y_1_-1_Y_1_1:_CSST_h_1_-1_h_2_-1;_CSST_Y_1_-1_Y_2_-1:_CSST_h_1_-
1_h_2_0;_CSST_Y_1_-1_Y_2_0:_CSST_h_1_-1_h_2_1;_CSST_Y_1_-1_Y_2_1:_CSST_h_1_0_h_0_0;_CSST_Y_1_0_Y_0_0:_CSST_h_1_0_h_1_-1;_CSST_Y_1_0_Y_1_-
1:_CSST_h_1_0_h_1_0;_CSST_Y_1_0_Y_1_0:_CSST_h_1_0_h_1_1;_CSST_Y_1_0_Y_1_1:_CSST_h_1_0_h_2_-1;_CSST_Y_1_0_Y_2_-
1:_CSST_h_1_0_h_2_0;_CSST_Y_1_0_Y_2_0:_CSST_h_1_0_h_2_1;_CSST_Y_1_0_Y_2_1:_CSST_h_1_1_h_0_0;_CSST_Y_1_1_Y_0_0:_CSST_h_1_1_h_1_-1;_CSST_Y_1_1_Y_1_-
1:_CSST_h_1_1_h_1_0;_CSST_Y_1_1_Y_1_0:_CSST_h_1_1_h_1_1;_CSST_Y_1_1_Y_1_1:_CSST_h_1_1_h_2_-1;_CSST_Y_1_1_Y_2_-
1:_CSST_h_1_1_h_2_0;_CSST_Y_1_1_Y_2_0:_CSST_h_1_1_h_2_1;_CSST_Y_1_1_Y_2_1:_CSST_h_2_-1_h_0_0;_CSST_Y_2_-1_Y_0_0:_CSST_h_2_-1_h_1_-1;_CSST_Y_2_-
1_Y_1_-1:_CSST_h_2_-1_h_1_0;_CSST_Y_2_-1_Y_1_0:_CSST_h_2_-1_h_1_1;_CSST_Y_2_-1_Y_1_1:_CSST_h_2_-1_h_2_-1;_CSST_Y_2_-1_Y_2_-1:_CSST_h_2_-
1_h_2_0;_CSST_Y_2_-1_Y_2_0:_CSST_h_2_-1_h_2_1;_CSST_Y_2_-1_Y_2_1:_CSST_h_2_0_h_0_0;_CSST_Y_2_0_Y_0_0:_CSST_h_2_0_h_1_-1;_CSST_Y_2_0_Y_1_-
1:_CSST_h_2_0_h_1_0;_CSST_Y_2_0_Y_1_0:_CSST_h_2_0_h_1_1;_CSST_Y_2_0_Y_1_1:_CSST_h_2_0_h_2_-1;_CSST_Y_2_0_Y_2_-
1:_CSST_h_2_0_h_2_0;_CSST_Y_2_0_Y_2_0:_CSST_h_2_0_h_2_1;_CSST_Y_2_0_Y_2_1:_CSST_h_2_1_h_0_0;_CSST_Y_2_1_Y_0_0:_CSST_h_2_1_h_1_-1;_CSST_Y_2_1_Y_1_-
1:_CSST_h_2_1_h_1_0;_CSST_Y_2_1_Y_1_0:_CSST_h_2_1_h_1_1;_CSST_Y_2_1_Y_1_1:_CSST_h_2_1_h_2_-1;_CSST_Y_2_1_Y_2_-
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Measuring Asymmetries
C. Mullen, Glasgow

Example CB@MAMI nπ0 photoproduction beam asymmetry

Using histograms

ΣPγ
mean cos(2ϕ)=

N (ϕ , P=+1) − N (ϕ , P=−1)

N (ϕ , P=+1) + N (ϕ , P=−1)

Do not require acceptance correction
(to first order)

Binned χ2

 φ

f (ϕ , Pγ , P=±1) = (1 + APγP cos (2 ϕ))PDF : 

mailto:CB@MAMI
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Measuring Asymmetries with event based 
Likelihood

∑
i=0

Nacc

f (τ i , p , P=+1)+∑
i=0

Nacc

f ( τ i , p ,P=−1)=∑
i=0

Nacc

(1 + APγ ,i cos (2ϕi))+ ∑
i= 0

Nacc

(1 − APγ , i cos(2ϕi))=2Nacc

= constant, when N(P=+1)=N(P=-1) and P
γp → pπ+(π-)
(P=+1)=P

γp → pπ+(π-)
(P=-1)

=> does not effect position of likelihood maxmimum
First order, ignore acceptance correction, do not need to calculate integral

Second order, use acceptance, corrects for experimental polarisation and 
luminosity asymmetries 

RooFit
Unbinned
Acceptance corrected

Binned
Unbinned

 φ

comparison

Normalisation
Integral 



  

text

CLAS12

CHL2

Upgrade 
magnets and 
power supplies

add Hall D 
(and beam 
line)

Enhance 
equipment in 
existing halls

Beam Power: 1MW
Beam Current: 90 µA
Max Pass energy: 2.2 GeV
Max Enery Hall A-C: 10.9 GeV
Max Energy Hall D: 12 GeV

GLUEX

JLAB12



  

Tracker FEE

Calorimeter

Tracker

Scintillation 
HodoscopeCAD implementation

Calorimeter: electron energy/momentum
Photon energy (ν=E-E')ν=E-E')E-E')
Polarization ε-1 ≈1 + ν2/2EE’
PbWO4 crystals with APD/SiPM readout

Scintillation Hodoscope: veto for photons
Scintillator tiles with WLS readout

Tracker: electron angles, polarization plane
MicroMegas detectors

Detect electrons at small angle to perform 
quasi-real photo-production experiments.

e
e’

N

gv

Forward 
Tagger

CLAS12

M
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Fitting discriminatory variables

Signal shapes are not always 
well described by  
parameteric functions
⇒Simulated PDFs 
Systematic uncertainty in 
shape accounted for via 
morphing with additional 
nuisance parameters

 α 

smearing

 α 

offset

scale

smearing
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