Algorithm Efficiency


Analyzing algorithms

· There are often several “different” algorithms that solve the same problem

· By different, we mean they use a different strategy to solve the problem

· The computer scientist needs a way to determine which is the best algorithm to use

· What do we mean by “best”

· Easiest to write

· Uses the least amount of RAM (space complexity)

· Runs the fastest (time complexity)
Time complexity
· With programs that do simple calculations on a small amount of data, the efficiency of the program doesn’t matter much

·  However, if the computations are rather complex 

· and we have huge amounts of data to process, 

· then running time could vary from a few seconds to several centuries.

Comparing Algorithms

· If several algorithms solve the same problem, how do we choose?

· Often depends on the requirements of a particular application

· May be based on the programmer’s own style

· Efficiency often determines the choice

· Which algorithm takes the least amount of computing time?

· Which one does the job with the least amount of work?

Two components to writing efficient programs



· 1) careful programming to avoid inefficiencies

· optimizing compilers - remedy poor programming decisions on the part of the programmer

· Transferring instructions from inside a loop to outside can improve greatly

· 2) choice of the most efficient algorithm.
Ways to measure algorithmic efficiency

1. Code the algorithms and run them and see which is fastest.

· Labor (of the programmer) intensive

· Different computers have different strengths 

· Some may do better at floating point calculations, while others may handle text faster

2. Count the number of instructions or statements executed

· varies with programming language and programmer

3. Count the number of passes through a critical loop in the algorithm

· this gives us a more meaningful yardstick of efficiency and is easier
Operations that dominate

· Sometimes an operation so dominates the algorithm other operations fade into the background

· Studies have shown that in most programs, 10% of the code takes 90% of the execution time

· Looking at the crucial 10%  allows us to simplify the analysis, ignoring all but the dominating operation
Tools for determining efficiency

· We are looking for the total execution time for the algorithms we are interested in.

· Usually the total execution time depends on the size of the input

· We often call the input size n

· Total execution time is then a function of n, denoted T(n)

· Look at examples

Answer these questions for the examples

· For Example 2.15  method search

· If the item is not found, how many times will the for loop be executed?

· If the item is in the array, what is the average number of times the for loop will be executed?

· What would the relationship be between the running time and the input size?

· For Example 2.16 calls search

· How many times will this loop execute?

· The execution will be proportional to ______

· For Example 2.17

· How many times will the innermost loop execute?

· For Example 2.18

· How many times will the inner loop  execute?

Big O notation

· We can characterize a program by how the execution time T(n) increase as a function of increasing input size n

· Big-O notation

· If the execution time T(n) doubles when the input size n doubles, then the algorithm grows at a linear rate.

· We say the growth has an order n

· If T(n) quadrupleds when the input size n doubles, then the algorithm grows at a quadratic rate

· We say the growth rate has an order n2

· Big O notation is written T(n) = O(f(n))  

· Where f(n) is some function

· A simple way to determine the Big-O of an algorithm or program is to look at the loops and to see whether the loops are nested
Statement counts to get Big O

· Count the number of statements that are executed in this code:

· for(int i = 0; i < n; i++)
{   for(int j = 0; j < n; j++)
     {      Simple Statement
      }
 }

    for(int k = 0; k < n; k++) 
 {    SimpleStatement1
       SimpleStatement2
       SimpleStatement3
       SimpleStatement4
       SimpleStatement 5
 }

    SimpleStatement6
SimpleStatement7
. . .
SimpleStatement30   

Running time for code above

· T(n) = n2 + 5n + 25 

· The running time is proportional to the function 
n2 + 5n + 25 

i.e. f(n) is n2 + 5n + 25 
· The growth rate of the function is determined by the growth rate of the highest order term.

·  This means that for Big O it is safe to ignore all constants and drop lower-order terms when determining Big O

· So the Big O of the code is O(n2)

Using Big O to compare algorithms

· It is not unusual for more efficient algorithms to have more overhead than simpler algorithms

· This means that when n is small, an O(n2 ) algorithm may run faster than an nO(n) algorithm.

· But we are interested in the growth rate as n gets infinitely large.

· This is easiest seen on graphs

· When we graph this growth of functions f(n), we plot n along the x axis, and time along the vertical axis
Algorithm growth rates

· What specifically do we want to know about the time requirements of an algorithm?

· The most important things to learn is how fast the time increases as the problem size increases

· We are interested in the growth rate of time 

· as the problem size grows

· Suppose:

· Algorithm A requires time proportional to n2

· Algorithm B requires time proportional to n
· We know as the input size gets very large, B will take significantly less time than than A

Comparing algorithms

· Suppose A and B look like this

· Algorithm A  T(n) = n2/5 

· Algorithm B Y(n) =  5 * n

·  If we graph these two functions we see

· For small input sizes (n <25) A does not take more time than B 


· We worry about time complexity only for large problems

	n
	1
	10
	20
	30
	40

	T(n) A
	.2
	20
	80
	180
	320

	T(n) B
	5
	50
	100
	150
	200


