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Outline & key points:

1. Traveling Salesman Problem 

2. Metropolis-hasting algorithm 

3. Analysis of the algorithm

4. Improvement of the algorithm 



Traveling Salesman Problem- 1

The traveling Salesman Problem is a 
combinatorial optimization problems 
where the goal is to visiting all cities once 
and come back to the starting point while 
minimize the distance of a tour.

Picture reference: 
https://en.wikipedia.org/wiki/Travelling_salesman_problem



1. optimization:
● objective: a tour traveling all cities once and return
● Constraint: minimizing the the total tour distance

2. combinatorial: for n cities, there are n! 
different ways to travel.

● as n gets bigger, it is computationally exhaustive and 
unworthy to compute all and find the shortest tour.

● 25! = 1.551121e+25

3. between each pair of cities,the distance 
from A to B is the same with the distance 
from B to A

Traveling Salesman Problem- 2



● core idea: introducing a possibility of acceptance for the seemingly 

not-so-good tour to the classical stochastic processes we learned, which 

will take our path of inquiring the shortest tour out from stucking with the 

current best tour(which may not be the best)

 A stochastic approach of solution:
 Metropolis-hastings algorithm 



Metropolis-hastings algorithm



Metropolis-hastings algorithm



Algorithm - 1. Proposal Step 



Algorithm - 2. Accept/reject step



Randomness in Algorithm - Avoiding Local Minimum

The two steps of an algorithm help us to escape the local minimum. 

When the value function is at the local minimum, we do not know whether it is the global 

minimum. 

We want a probability to accept a longer path than the current one so that we can rise up 

from the local minimum instead of being stuck there.



Changing step N
   

When N=500 steps, there is a 
global minimum which is the 
shortest tour length that is 
around 137.5. 



Changing step N

When N gets larger and larger, we will 

get the shortest tour length which 

converges to 137.5. Increasing step N 

will be better approximation of the true 

global minimum.



Modify the Algorithm
Introduce a parameter beta in the target distribution to control the chance of moving away  from the local 

minima. 

m = 50, N = 500, b = 1, min = 137.8427m = 50, N = 500, b = 0.1, min = 142.1215 m = 50, N = 500, b = 10, min = 135.2293

Beta is called the reverse temperature 
parameter.



Simulated Annealing - Modifying beta with Time

m = 25, N = 500, b = 0.01*N, min = 135.8812m = 25, N = 500, b = 1, min = 138.8025

m = 25, N = 500, b = 0.1*sqrt(N), min = 136.1965 m = 25, N = 500, b = 0.8*log(N), min = 135.2395


