Atanas Dimitrov

Analysis of Algorithms

Assignment 2

Problem1:

Inputs: Key that we are searching for,  2 dimensional array[][], and its endpoints as Cartesian couples (initially 1,1,n,m where n=column #, m=row #) within the table.

Outputs: The position of key in the array or value that represents that key is not contained in array[][].

Algorithm: Suppose the two-dimensional array is a matrix with n columns and m rows then partition the matrix in to four sub matrices (if applicable as seen) and determine if key can be contained in any. If the matrix becomes 1:1 then this will be our base case, since comparison is trivial. 

//to hold a result

struct loc{


index x=-1;


index y=-1;

}

matrix_search(key, array[][], x1, y1, x2, y2)

{

           //case when this is a single cell within the matrix 

if(x1==x2 && y1==y2)


if(key==array[x1][y1])


loc->x=x1; //return the cell number


loc->y=y1;


return loc;

//check to see if it is possible for the value to be in the array


if(array[x1][y1] <= key <= array[x2][y2])


{



index a, b;




if(x1==x2)
//check to see if 1:n matrix -> need only one coordinate




a=x1;




one_by_n=TRUE;



if(y1==y2)
//check for n:1 matrix ->only one coordinate




b=y1;




n_by_one=TRUE;



//any other will pass these two conditions



if(!one_by_n)

a=(x2-x1)/2 +x1;



if(!n_by_one)


b=(y2-y1)/2+y1;

//split the matrix appropriately but still lookout for 1:2 and 2:1



if (array[x1][y1]<=key<=array[a][b])




matrix_search (array, x1,y1,a,b)



if (array[x1][b+1]<=key<=array[a][y2] && !n_by_one)




matrix_search (array, x1,b+1,a,y2)



if (array[a+1][y1]<=key<=array[x2][b] && !one_by_n)




matrix_search (array, a+1,y1,x2,b)



if (array[a+1][b+1]<=key<=array[x2][y2] && !one_by_n && !n_by_one)




matrix_search (array, a+1,b+1,x2,y2)


}//end of if

}

Each time the matrix is subdivided into 4 matrices(approximately) so this means 4 sub problems each problem is approximately ¼ of the total number of elements, thus T(n*m)=4(m*n/4)+O(1)

Thus a=4 b=4 a>b^k so T(n)=(n*m)^log[a]b. B(n*m)=1 since this is when the matrix in 1:1

Problem2:

Inputs: Array of real numbers (a), its beginning point and ending point (beg, end)

Outputs: The maximum sum of any contiguous section of the array.

Max_cont_sum(a, beg, end)

{


index m; //used for midpoint


real r_sum, l_sum; //maximum contiguous sums in the left and right parts

real end_l_sum, beg_r_sum; //this is the partial sums when the contiguous section spreads .




over  the left and right side

if(beg==end)


//base case array has only one element the max sum is the element


return a[beg];

m=(beg+end)/2; //integer division thus same as floor function

r_sum=max_cont_sum(a, m+1, end);

l_sum=max_cont_sum(a, beg, m);

calculate end_l_sum AND beg_r_sum // this will be as if going through an array (for loop) and will only add items as long as the sum is nondereasing.

return max(end_l_sum+beg_r_sum, l_sum, r_sum);


//at the end compare and return the maximum of all three

The overhead for a for-loop is maximum n, and we are dividing in 2 sublists with half as many entries as the original list. So the recurrence theorem will be:


T(n)=2T(n/2)+cn this is case 2: where a=b^k after substituting, so T(n)(nlogn)

Problem 3:

Inputs: A list of real numbers (a) and its size (n) 

Outputs: The maximum sum of contiguous elements in the list.

Max_cont_sum (a, n)

 
{



real sum=0, max_sum=0;



index i;



for(i=1; i<=n; i++)




sum=sum+a[i];



//Suppose that the sums of all possible combinations of



//contiguous elements are sets. Those sets are also subsets of 

//the original set(array). But a set always has for a subset 1:itself and 2:the empty //set. In our case the empty set will be defined as a[0](having in mind array with //one element is a[1]) thus the empty set’s sum is always 0. So if we find anything less then 0 then we should ignore it since 0 will always be the better solution.

if(sum<0)


sum=0; //ignore smaller values

if(sum>max_sum)


max_sum=sum;



return max_sum;


}

Since the for-loop will be the determining factor in the algorithm’s time complexity, then T(n)=(n) (by definition for any for-loop)

Problem 4:

All the algorithms are written in C. The algorithms could have been implemented

in any other language with the same or at least similar results. To my understanding C++ might only take a bit longer to load but down to the basic operation it should not make that big of a difference in the execution time. I have coded the algorithms as requested by looking at the slides and translating in to high level programming language.

The input data is generated as the seed for the random number generating system

function is the process id for the current process. Process ids are unique for

each process so every time the program is run it generates different set of

random elements. The size of part before the decimal varies from 0 to RAND_MAX 

(over 2,000,000,000) after this another random number is generated and divided 

appropriately to append the numbers after the decimal. I did this in order to create a list of unique elements in which no 2 are the same. Mainly this was needed

for the searching algorithms.

I used gettimeofday() function to time the algorithms.  It immediately precedes and follows the searching function call in over to avoid timing overhead instructions such as assignment, random number generation and etc.

The tests were performed on 1.8 GHz Pentium 4, 256 MB RAM, Red Hat Linux 9.0,

with nothing but kernel, logger, cron, and tty daemons running. The executables

were run at the console one after another after initial rebooting before the 

test begun. The code for each algorithm finalizes its execution with displaying the appropriate information that is relevant to its nature (execution time). Elements other than the total execution time were included 

only for testing purposes. 

Every experiment was run with: `./a.out > name.size`


name - name of algorithm


size - input size

Quicksort:
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The graph does seem to capture the nature of quicksort. According to the slides and the textbook 

A(n) belongs to Theta(n*ln n). We substitute for each input size: 1000000 –> 19931568.57,  500000-->9465784.285, 100000-->1660964.047, 50000-->780482.0235, 10000-->132877.1238.

Thus the ratios for example: 1000000/500000 ~2.10. In the experiment (note file quick.dat) the ratio is 2.01. The observed result is different but much alike. Similarly I calculated the other ratios and they also seem to be approximately the same. Thus we can say that the graph is consistent with the theoretical estimate.

Mergesort:
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The graph certainly seem to capture the order shown in the slides.  After checking the relative ratios between different results from the experiment, it can be observed that indeed  the ratios are very close. Certainly not the same possibly due to different architecture or processor. T(n)=Theta(n*log n). 

It can be observed that  there is a great deal of similarity even if one is looking only at the graph. 

Both graphs seems to be consistent with theoretical boundaries. 

Quicksort W(n) =Theta(n^2) whereas Mergesort W(n) = Theta(n*log n)

Thus it is obvious that the worst case time complexity for Mergesort is better than quicksort.

Quicksort A(n)=Theta(n*ln n) whereas Mergesort A(n)=Theta(n*logn)

Thus the average time complexities are equal, since Theta(log[a]n)=Theta(log[b]n).

Quicksort B(n)=1 whereas  MergesortB(n)=1, both algorithms will immediately if they encounter an array with one member only.

