
Comment on Lecture Handouts

• Most days you will receive a handout.

• It is hard to predict how many slides I will 

cover, so you should expect to bring the 

handout from the previous lecture (unless I 

have completed all the slides from that 

lecture).

• Hence in one lecture some of the slides 

discussed will be from the previous 

handout and some of the slides will be 

from the current handout.
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Course Reading
• The first set of xeroxed materials will be 

available at the book store (with CEE 5290 as 

the master course number).  It costs about $22.  

Probably available Monday.

• The book from which the readings are taken is 

by Sait and Youssef and is called ―Iterative 

Computer Algorithms with Applications in 

Engineering‖.

• You can also get this book online (e.g. Amazon 

has used copies.) The new book costs $110.

• Most of the rest of the background reading will 

be excerpts from journal papers, which you can 

get free online through the Cornell library. 2



Use VideoNote for Lectures next 

Monday and Wednesday

• I will be at a research conference in California Monday Aug 29 and 

Wed Aug 31 so there will be no lecture in Rm 255 on those days.. 

• Today right after this lecture, I will tape the lecture that I would have 

given on Aug. 29.  You can stay if you wish and hear the ―live‖ 

lecture or you can watch it on VideoNote by tomorrow.

• I will do a second taping to make up for the missed  lecture for Aug 

31 so you will be able to see that lecture on Video Note later.

• If you have questions about this, contact the TA <yw387>

• (We could show the video tape during class time on Aug 29  if there 

are enough students who would prefer this to going online 

themselves—Contact TA at <yw387> if you want to do this.
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Viewing Lectures on VideoNote

• We will post instructions on how you 

access VideoNote on the course’s 

BlackBoard this afternoon.

• These lectures will be posted all semester 

so you can also go back to early lectures 

to review points later,  for example before 

exams.

• Only a small number of courses have 

VideoNote. This is the first year for this 

course.
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Blackboard: Homework and Old 

Projects
• Homework 1 will be posted by tomorrow on 

Blackboard.

• We have already posted on Blackboard  the old  

general  projects guidelines  and the specific 

project instructions for each of the topics from 

2010.  The might be minor modifications in the 

guidelines or in specific projects for 2011.  

Students requested to see old projects to decide 

about taking this course.

• Questions related to Blackboard postings should 

be sent to the TA Ying Wan <yw387>
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Grader Positions

• We will be hiring several graders for this course. 

• If you are interested, send an email to me 

<cas12> with the subject line starting Heuristic 

Grader

• The email should include your name, degree 

program and year, and your Cornell GPA .  If 

you are new to Cornell also give your previous 

university and major and GPA.

• This position pays for 8 hour/week work and 

does not pay any tuition.
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Integer Programming Advantages
(continuation of advantages and disadvantages of different optimization methods)

• User Friendly software

• For problems with a modest number of  

integer variables, and linear functions, MIP 

(mixed integer programming)  is often the 

most efficient technique 
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Integer Programming (IP)

• Restricted to linear mathematical form 

• Computational efficiency is poor for large 

number of integer variables  so IP is not 

necessarily faster than a heuristic.

• (Heuristics have been shown to get better 

solutions in some cases than IP given a 

fixed number of iterations.)
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Nonlinear Programming Advantage

Fastest for differentiable problems with 

continuous variables and a nonlinear, but 

convex response surface (which has only 

one local minimum)

Only one local 

minimum
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Global versus Local Minima
Multi-Modal Problems have Multiple local minima

These are the problems for which heuristics are often 

the best choice

F(x)

Objective 

function

X (decision variable  value) 

one dimensional example

Local minimum

Global minimum

../../../../../../../../../Program Files/Program Files/TurningPoint/2003/Questions.html
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Disadvantages of Global 

Optimization Problems (not algorithms)

• There is no way to tell how close to optimal a 
solution is, 

• (By contrast for local minimization problem, if the 
derivative of Cost(s)  evaluated at the current 
solution is close to zero, then the current 
solution is probably close to an optima (maybe a 
local optimum)). 

• It usually takes a lot more function evaluations to 
find an optimal or near optimal solution to a 
global problem than a local optimization 
problem.  (The difficulty is with the problem not 
because of the solution method/algorithm.)
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Why do We Care About Multi-Modal 

Functions?

• With Complex nonlinear  models, we 
typically do not know if the model is multi-
modal (i.e. has many local minima) or 
unimodal.

• Hence to analyze a complex model we 
need to search for a global minimum even 
if we do not know if it is multi modal.

• Hence global optimization capability is 
important when dealing with complex 
nonlinear models.
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Nonlinear Programming Disadvantages

Cannot be used for discrete variables or 

most nonconvex problems

Calculation of derivatives can require 

excessive amounts of CPU and results 

may not be accurate

High expertise required

May find only local optimum
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Heuristic Methods Advantages
(SA, GA, TS, DDS, RW, etc.)

Easy to learn

Easy to Implement (in serial or parallel)

Doesn’t stop at local optimum and might

find global optimum

Heuristics tend to parallelize relatively 

efficiently (which will be increasingly 

important in the future).



15

Heuristic Methods Advantages

continued

Can find good answers for a very wide class of 
problems (integer, binary, continuous variables;  
nonlinear or even discontinuous functions; and 
even where Cost(S) is a code, not a single 
equation)

Hence if you learn a heuristic method you don’t 
necessarily need to learn other methods (except 
LP software which is easy)  

Human effort to code and run is typically much 
less for heuristics than for nonlinear methods.  
(CPU time is relatively cheap.)

It’s fun !
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Heuristic Methods: Disadvantages

For problems that satisfy the assumptions 

of other algorithms (e.g. are linear or have 

only one local minimum), the heuristic 

method will probably take more (serial) 

CPU time and give a less accurate 

answer. 



Importance of Efficiency

• What if you can compute an accurate 

solution to  the problem in 10 minutes with 

a heuristic and with a more sophisticated 

mathematical method in 10 seconds.  If 

you already know the heuristic would you 

make the effort to learn the more 

sophisticate method?
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Importance of Efficiency

• What if the heuristic would take 10 days to 

solve and the more mathematical  method 

can do it in 2 hours?  Does that change 

your answer?

• Things to consider:

– Is there a mathematical method that will 

work?

– How many times will you solve this problem?

– How long does it take you to learn the 

mathematical method
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Bottom Line

• Heuristics can find an accurate solution to  

almost any optimization problem if given 

enough computation time.

• Hence learning about heuristics is a 

useful, practical effort.

• Whether or not it is feasible to use 

heuristics on a specific problem will 

depend upon the availability of alternative 

methods for that problem and whether you 

have the time and computing resources to 

solve your problem with heuristics. 19



Bottom Line

• Convergence proofs for mathematically 

based methods are asymptotic.  If you are 

doing a limited number of objective 

function evaluations, there is (usually) no 

proof that you will get the exact solution 

even with a mathematically based method.
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Heuristic Methods: Difficulties 

There is no strong theoretical background for 
describing speed of convergence for most global 
optimization problems or even for the best 
selection of algorithm parameters values.

Hence comparison between algorithms needs to 
be largely empirical and  statistical.

• However for global optimization problems there 
is often no alternative to using heuristic 
methods.

• As part of the course you will do empirical 
comparisons on real problems  (next slide).



Importance of Efficiency

• What if you can compute an accurate 

solution to  the problem in 10 minutes with 

a heuristic and with a more sophisticated 

mathematical method in 10 seconds.  If 

you already know the heuristic would you 

make the effort to learn the more 

sophisticated method?
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Importance of Efficiency

• What if the heuristic would take 10 days to 

solve and the more mathematical  method 

can do it in 2 hours?  Does that change 

your answer?

• Things to consider:

– Is there a mathematical method that will be 

more efficient for this problem?

– How many times will you solve this problem?

– How long does it take you to learn the 

mathematical method?
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CPU time, Human Effort and Size of 

Function Evaluation

For problems for which there exists non 

heuristic algorithms, you need to weigh the

human time saved by using a simple 

general method (e.g. a heuristic) versus

The CPU time taken to solve the problem.
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Assume your function Cost(S) takes 0.1 sec

to evalutate

• Assume your options to solve a particular 
problem are

Use mathematically based method (e.g. nonlinear 
programming) and it takes
– 2 days human time and 2 minutes of computing time 

OR

Use a Heuristic (e.g. simulated annealing) and it 
takes
– 2 hours of human time and 200 minutes of computing 

time

If you are a business owner, which would you 
choose?  Based on what reasons
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Assume your function Cost(S) takes 

103 seconds to evaluate (104 times as long)

• Your options to solve the  problem are

Use sophisticated (e.g. nonlinear programming) 
method and it takes
– 2 days human time and 20,000 minutes  (over 300 

hours) of computing time

Use a Heuristic (e.g. simulated annealing) and it 
takes
– 2 hours of human time and 200,000 minutes (over 

120 days of computing time

• If you are a business owner, which would 
you choose?  Based on what reasons?
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Punchlines

• In order to save on expensive human time, it is 

often worthwhile to use a simple robust method 

that uses more CPU time and less human time

• However, there is a limit to how long a 

business/research group can wait to get an 

answer.  

• Hence for computationally expensive Cost(S) 

functions, there is a tradeoff between speed, 

ease of use and how often you solve the same 

problem. 
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Algorithms

• We will discuss in the coming lectures:

Local ―Greedy Search‖ and the three most 
widely used global heuristics:

Simulated Annealing

Genetic Algorithms

Tabu Search

The structure of Local Greedy Search is 
discussed next.

Start of Lecture handout 8/27/10 (2nd lecture)
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• Local Search Method  (common basis 

SA and TS) 

• Problem: Use local search to find

• Minimum  Cost(S)

(unconstrained)

• S=(S1,...,Sm )

• (S is a vector whose components can 

be integer, continuous or both.) 
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Handwaving” Description of Local 

Search (Deterministic Greedy Example):

• “

1. Pick initial guess of Solution So and set S to So.

2. Pick a neighborhood of S , N(S)= {T1, ..., Tn}

3. To improve,  evaluate J(Ti) for  some or all of the Ti 
elements of N(S).  Use the following Greedy strategy:

4. If there is a Ti such that Cost(Ti) < Cost(S),   replace S 
by the best Ti and go to Step 2.

5. If there is no Ti such that Cost(Ti) < Cost(S), then stop.

6. The best solution found to the problem is the last value     
of S.
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• Hence the Local Search has three 
important elements:

•  INITIAL SOLUTION

•  NEIGHBORHOOD

•  IMPROVEMENT ALGORITHM

• All of the heuristic algorithms we will study 
have these three components.  The design 
of these components can have a major 
impact on the algorithm’s efficiency.
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• Consider a simple example of a non-convex 

function where the values of Si must be integer. 

• 1. So is the initial guess  (let S = So = 2)

• 2. Neighborhood N(S) we will define as  all 

integers sufficiently close to S.  In particular

• N(S) = {T| S-Searchrange < T< S + Searchrange

.               and T integer}
• Where ―Searchrange‖ is a user-defined parameter and = 2 here.

• 3.  Select the element of N(S) that has the best 

value of COST(S)  and go to Step 2. 
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• So what are the main components that control this 
algorithm:

• Initial Solution-- Usually the closer the initial guess is 
to the optimal solution, the faster the algorithm will reach 
the best solution.

• Neighborhood—How big should the neighborhood be?  
The advantage of a large neighborhood  is that you are 
more likely to find a better next value for S than with a 
small neighborhood and less likely to get caught in a 
local minimum.  The disadvantage is that you may have 
to evaluate COST(S) many times and this may be 
computationally demanding.

• Improve—the nature of the Improve algorithm 
determines the type of heuristic algorithm being used. 
For Greedy/local search, the improve algorithm only 
accepts new values of S that represent an improvement 
in the objective function COST (i.e. there are no ―uphill‖ 
moves for a minimization problem) 



34

Deterministic and Stochastic Heuristics

• The above local search method is deterministic.  Hence 
if you repeat the algorithm with the same value of So, 
you will get always get the same final value for S.

• Many of the other heuristic methods that we will explore 
are stochastic because there is a random element either 
in the Improve algorithm or in the neighborhood 
generation.  

• For Stochastic methods, each run of the heuristic search 
can result in a different value of S.

• Simulated Annealing and Genetic Algorithms are 
stochastic methods.  Tabu Search (as it is originally 
defined) is deterministic.

• All of these algorithms have the three parts: initial points, 
neighborhood definitions, and and ―improve‖ step but 
they differ greatly in how they define these steps.



Algorithmic Description of Local Greedy 

Search

• With all the algorithms we will give a more 

precise description of the algorithm that is 

close to ―psuedo-code‖ so it can serve as 

the basis for the Matlab code you will 

write.  
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Definitions

• Cost:  Ω R

• Ω is the set of feasible solutions (also 

called the “state space”)

• Cost is the objective function

• R is set of real numbers

• S is a vector that is  a feasible solution, 

– S     Ω
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Definitions

• N(S) is the “neighborhood” of the solution 
S.  

• N(S) is defined as part of the algorithm.

• A point S^ is a “local minimum” if 

• A point S* is a “global minimum” if
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Local  Greedy Search (very simple 

method)

• Step 0:  Define COST(S) and N(S) for all S in 
the search range.  This includes selecting the 
algorithm parameters (e.g. ―searchrange‖) that 
determine the number of elements and 
amplitude range  in N(S)   You may also want to 
limit the number of iterations of the search (say 
to a value ―maxiteration‖).

• Step 1.  Select So and set iteration = 0 and 
S=So.

• Step 2 Compute COST(Ti) for some or all Ti

contained in N(S). (Uses neighborhood 
definition.  Selection of Ti  in N(s) can be 
deterministic or stochastic)
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• Step 3 (the ―improve‖ step)

• Find the Tj =T* such that COST(T*)= Min 
{COST(Ti)| Ti N(S)}.  

• If  COST(T*) < COST(S), set S=T*and 

• iteration =iteration + 1.

• If iteration < maxiteration, then go to Step 
2.

• Otherwise go to Step 4.

• If COST(T*) > COST(S) then go to Step 4.

• (This is a “greedy” improve step.)

• Step 4. Stop. The best solution found  for 
the problem is S.
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• The best value found of the objective 

function is COST(S), where S is the last 

value  computed.

• The repetition of Step 2 and 3 make this 

an ―Iterative‖ Algorithm.

• As you can see the performance 

measures of the algorithm (length of 

computation time and accuracy of final 

solution) depend upon the initial guess 

S0 and on the algorithm parameters

(maxiteration and search range)
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Alternative Search Algorithms

• The improvement step in the local search 

above is often  called greedy search.

• In your homework, you will also consider  

random walk and random sampling 

approaches that represent modifications in 

the improvement step.



Homework: Random Walk and 

Random Sampling
• In random sampling and random walk  the next 

point where cost is evaluated is picked at 

random and is not dependent upon the value of 

the Cost(S) at the current point S.

• The Homework describes these two methods 

and gives you a computer code.

• (You need to log onto Blackboard to get the 

homework assignment and the computer code.  

Instructions for getting onto Blackboard are on 

the Syllabus distributed.)  
End of handout 8-26-11
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