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Doing a computation 

•  Assume that you start with So = 3, then the initial P vector is 

P3j= prob from 3 to j-get 
from conf graph 

Handout 10-19-11 
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Markov Chain Matrix corresponding to Fig. 1.3,  
an example with N=8  

•   s 

Where did these numbers come from?  See Board 

End of handout 
10-17-11 
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Ergodic Markov Chains 

•  A Markov chain is ERGODIC if and only if (iff) it is: 

•  1. irreducible (i.e. all states are reachable from all other 
states in a finite number of iterations) 

•  2. aperiodic, that is for each state, the probability of returning 
to that state is positive for all steps. 

•  3. recurrent, that is for each state of the chain, the probability 
of returning to that state at some time in the future is equal to 
one 

•  4. non-null, that is the expected number of steps to return to 
a state is finite. 

Is the Markov Chain for our example in Fig. 1.3 Ergodic? 





Stationary Distribution π* 

•  A stationary distribution (a vector of dimension N) satisfies 
the following:  
π*= π*[P] 
 

•  What does this mean in terms of algorithm convergence? 
(See Board) 

•  Hence,  
Lim (t goes to infinity)π(t)= π* 
 

•  How does π(0) affect π*? 

3 
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Stationary probability for time homogenous Markov 
chain 

This is the matrix that results if you 
multiply the matrix P for Fig. 1.3  times 
itself 100 times. 

P=θ  
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Characteristics of Pt for large t 

•  What do you notice about this matrix? 
•  Why do you think the matrix has this characteristic and why is 

it related to 



This Analysis (Chapter 1) Is for ANY 
Iterative Search Method 

•  With the Chapter 1 material we will apply the 
analysis methods to : 
Random Search 
Greedy Search 
 

•  With the Chapter 2 material we will do a more 
detailed analysis of Simulated Annealing 
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5 dimensional case for Random Algorithm.  Assume can only go to 
adjacent nodes 

•  Assume Si = 1, 2,…,5 and that you can go to adjacent nodes or stay 
where you are with equal probability. 

So what is the matrix P for this situation? (See Board) 

P12  = 1/? 
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We Showed that  
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Consider our Random Example 

•  P=Θ.  If we solve the equation π =πΘ for the value of Θ given 
for our random search problem (dimension N=5), we get 
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Transition  Probabilty Θ and Acceptance Probability A 

•  In previous examples, we assumed that if it was possible to 
move  from j to k with perturbation probability pjk.  

•  With Greedy search or simulated annealing there is an issue 
of acceptance. Will you accept the move? 

•  We call  Ajk  the acceptance perturbaton. 

•  Define  Θ jk   = pjk. Ajk  transition probability of going from j to 
k given both the prob of picking k from the neighborhood of j 
and the probability of acceptance. (These are independent 
events so the probability both will occur is the product of the 
probability of each event.)  

•  Then the overall “transition” probability matrix Θ is 
•  Θ =[ Θjk] where    Θjk  is a scalar and   Θ is a matrix 
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Now Let Us consider a Greedy Search  

•  For a random algorithm a move is always accepted (Aij=1). 
•  For Greedy Search and Simulated Annealing there is an 

acceptance criterion, so Aij is not necessarily 1. 
•  Note in the book Aij is written as Aij(T) to incorporate the 

temperature parameter T in Simulated Annealing. 
•  For Greedy Search we will just write this as Aij. 

•  Then for Greedy Search (minimization) the acceptance 
probability is  
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•  What would you guess the convergence state π is for this problem? 
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So What is the Θ for this Problem? 

•  What is Aij for simulated annealing. ________________?? 

•  What is A12 in particular? _________________?? 

•  What is Θij for this problem?________________?? 

(see board)  
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For greedy search 
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1.  Below is the example for the case So=2.  Note  π(0)= (0,1) 
means that the probability in time period 0 of being in  
state 1 is 0 and the probablity of being in state 2 is 1.   
2.  In the previous board  example So= 1 so π(0) =(1,0).   
3.  In the initial step all the probabilities are zero except the 
one associated with the value of So.) 



Number of Configurations is typically Much Much larger 
than examples done in lecture 

•  Our examples so far have had 8, 5, 2 and (next) 4 configurations.   
•  Your homework has problems with 3 and 6 configurations. 
•  The reason for the small number of configurations is that we want to do 

examples that can be drawn and explained in slides and on the board. 

•  The theory and procedures we will discuss here apply to 
much bigger problems. For example,  

•  If you had a binary string of length 10, how many configurations are 
there? _____ 

•  If you had a binary string of length 20, how many configurations are 
there? _____ 

•  If you had an integer vector of dimension 11 and each integer could be 0 
to 9, how many configurations are there?_______ 

•  This topic will be discussed more later 18 


