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Introduction 

  Primary aims of data analysis: 
–  Compare data with model 
–  Assess the validity of the model 
–  Find model parameters 

  Bayesian data analysis 
–  comprehensive sta)s)cal interpreta)on 
–  not trivial to implement 
–  need for accessible common tools  

  The idea behind BAT is to 
–  Provide all the common parts of Bayesian analysis in a soLware 

package 
–  Create a flexible environment to phrase arbitrary problems 
–  Develop a set of well‐tested/tuned numerical algorithms and tools 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April  2 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Overview 

  BAT: 
–  SoLware package to solve sta)s)cal problems using 
Bayesian approach 

–  Based on C++ framework in form of a library 
–  Interfaced with ROOT, Cuba, Minuit and RooStats 

–  Flexible to use user‐defined func)ons and algorithms 

–  Free soLware: tutorials, examples, all at 
hWp://mpp.mpg.de/bat/ 

  The key is the use of Markov Chain Monte Carlo  

   BAT paper: Computer Physics Communica)ons 180 (2009) 2197‐2209 

Markov Chain Monte Carlo 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The Approach 

  Separate the common parts from the rest 
–  Case specific – the model and the data 
–  Common tools – all the rest 

User User Defined  
  Create model 
  Read‐in data 

  Normalize 
  Find mode/fit 
  Test the fit 
  Marginaliza)on wrt 
one or two parameters 
  Compare models 
  Provide nice output 

Model 
Independent  

Define Model 
  Define parameters 
  Define likelihood 
  Define priors 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Read Data 
  From text file, ROOT 
tree, user‐defined 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Common Tools 

  Marginaliza)on 
– Markov Chain Monte Carlo 
(MCMC) – Metropolis 

–  A lot of emphasis on 
efficiencies, performance    
and valida)on 

  Integra)on 
–  Simple Monte Carlo algorithms 

•  Sampled mean, importance 
sampling 

–  Interface to CUBA (VEGAS) 

  Op)miza)on 

– Monte Carlo (hit & miss) 

–  Interface to Minuit 
–  Simulated annealing 

  Error propaga)on 
–  Calculate any func)on of 
the parameters during a 
run 

  Goodness‐of‐fit 
–  Ensemble tes)ng and       
p‐value 

5 07 April 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Markov Chain Monte Carlo (MCMC) 
  Aim: mapping a posi)ve func)on f(x) by taking a random 
walk to points with higher probabili)es  

  Metropolis algorithm in BAT 

–  Starts at a random xi 
–  Generate a random point around xi 

•  If f(y) ≥ f(xi), set xi+1 = y 
•  If f(y) < f(xi), set xi+1 = y with probability                                                       
r=f(y)/f(xi) 

•  If y not accepted, stay where you are 
•  Generate a new y around the new x 

–  For an infinite number of steps  
•  xi distribu)on is guaranteed to converge to f(x) 

–  For finite number of steps 
•  have to check for convergence 

Proposal func<on plot 

P(
y|
x i
) 

y xi 
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MCMC II 

  Main run 
–  All scales are fixed. Collect samples 

for posterior analysis 

–  Get marginalized distribu)ons 
–  Save the chain as TTree.  

  Pre‐run/burn‐in phase 
–  Use several chains/star)ng posi)ons in parameter space 

–  Update scales of proposal func)on to op)mize performance 
–  Monitor evolu)on of log‐likelihood and individual parameters 

  Convergence based on R‐value1 
–  A ra)o of the mean of variances and the variance of the means of chains 

–  Efficiency: 15%‐50% 

07 April  7 

1 A. Gelman and D.B. Rubin, Inference from Itera<ve Simula<on Using Mul<ple Sequences,  
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MCMC in Action 

  Mapping an arbitrary 
func)on: 
f(x) = x4 sin2 x 

  MCMC sampled distribu)on 
quickly converges to the 
underlying distribu)on 

  Complicated shapes with 
mul)ple minima and 
maxima 

07 April  8 

Linear Scale  Log Scale 

Number of 
itera)ons: 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An Example: Data 
  Es)mate signal strength of 

Gaussian signal on top of flat 
background  

  Data generated with the 
following seings:  
–  Gaussian signal:  
–  posi)on  μ = 2039 keV  
–  width  σ = 5 keV  
–  strength <S> = 100  
–   Flat background:              

strength  <B> = 3/keV  

  Number of events per bin 
fluctuate with Poisson 
distribu)on 

07 April  9 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An Example: Statistical Model 
  Gaussian signal on top of flat background  
  4 (+2) fit parameters: Gauss (3) and flat (1) (+2 nuisance 

parameters for efficiency)  

  Prior knowledge:  
–  Background: 300 +‐ 173 in 100 keV (e.g., from sideband analysis)  
–  Signal strength: exponen)ally decreasing (e.g., theore)cal intui)on)  
–  Signal posi)on: flat (e.g., no idea about the mass of a resonance)  
–  Signal width: 5 +‐ 1 keV (detector resolu)on)  
–  Signal and background efficiency                                                                

fixed to 1 (in this example) 

  Sta)s)cal model:  
–  Bin data  
–  Assume independent                                                                                    

Poisson fluctua)ons in each bin 

19 January  10 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An Example: Marginalized distributions 
  Project posterior onto one 

parameter axis, i.e., integrate 
over all other parameters  

  Global mode and mode of 
marginalized distribu)on do 
not have to coincide  

  Full (correlated) informa)on 
in Markov Chain  

  Default output:  
–  Mean +‐ std. devia)on  

–  Median and central int.  
–  Mode and smallest int.  

  All 1‐D and 2‐D distribu)ons 
are wriWen out during main 
run 

19 January  11 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An Example: Marginalized distributions 

19 January  12 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An Example: Stack Plot 

Uncertainty of 
predic)on 

19 January  13 

Uncertainty 
band 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An Example: Text Results 

19 January  14 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An Example: Parameter Summary 

19 January  15 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An Example: Correlations 

19 January  16 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An Example: Knowledge Update 

19 January  17 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Why BAT? 

07 April  18 

  Easy to use 

  Nice graphical output 

  Extensive test suite for proper 
MCMC sampling 

  MCMC output allows for 
flexible use of posterior 

  Simplified error propaga)on 

  Handling very complicated 
problems with a large number 
of parameters 

  Doing all the hard 
numerical calcula)ons for 
model selec)on and 
hypothesis tes)ng  

  Includes a broad array of 
sophis)cated numerical 
packages for fiing, 
integra)on, … 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Tutorial 

  Tutorials are online at:                                                                   
hWp://mpp.mpg.de/bat/?page=tutorials 

  A short presenta)on 
  Descrip)on on what steps to take 
  Solu)ons are provided as a link 
  Tar files of the code are also available, however, please do not 

use them during the tutorial sessions, you do not need them 
actually 

  Please don’t be shy to ask ques)ons! We’ll be more than 
happy to help… 

19 January  19 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Tutorial 

Star6ng with BAT on the VM 
  Sugges)on for easier viewing of the results: 

sudo apt‐get install gv  

  Setup the BAT environment: 
source /sta)s)cs‐school/BAT‐0.4.2/forTuturial/setupBAT.sh 
cd $BATINSTALL/tool 

Our Program here 
  Coun)ng experiment (today) 

  Hypothesis tes)ng  (tomorrow) 

19 January  20 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Summary 

  The Bayesian Analysis Toolkit have been introduced 
–  Bayesian inference requires some computa)onal effort 

(e.g., nuisance parameters) 

–  Markov Chain Monte Carlo is the key tool 

  The philosophy behind it and some of its capabili)es 
are presented 

  MCMC implementa)on and performance in BAT is 
shown  

07 April  21 

  An example of data analysis is 
given  


