
Assignment Number-1
Subject: Advanced Algorithms
Class : MECSE
-----------------------------------------
Que-1)  What  are  the  different  methods  to  devise  an 
algorithm? Explain all methods with one application.
Answer:
To devise means carefully plan/to invent
Algorithmic Strategies:

Creating an algorithm is an art which may never be fully 
automated.  Another  way  of  classifying  algorithms  is  by  their 
design  methodology  or  paradigm.  There  is  a  certain  number  of 
paradigms, each different from the other. Furthermore, each of 
these categories will include many different types of algorithms. 
Some commonly found paradigms include:

1) Divide and conquer  :
        The basic idea behind divide and conquer algorithm is 
that the problem is divided into number of sub problems.
These problems are then solved. After getting solution of these 
problems,  all  these  solutions  are  combined  together  to  get 
complete solution of the problem. If the sub problems, after 
splitting process are still larger, divide and conquer can be 
reapplied.  The  process  of  splitting  the  problem  into  sub 
problems  is  continued  till  we  obtain  sub  problems  which  are 
sufficiently smaller and can be solved without splitting.       
       One such example of divide and conquer is merge sorting. 
Sorting can be done on each segment of data after dividing data 
into segments and sorting of entire data can be obtained in the 
conquer  phase  by  merging  the  segments.  A  simpler  variant  of 
divide and conquer is called a decrease and conquer algorithm, 
that solves an identical subproblem and uses the solution of 
this subproblem to solve the bigger problem. Divide and conquer 
divides the problem into multiple subproblems and so the conquer 
stage will be more complex than decrease and conquer algorithms. 
An  example  of  decrease  and  conquer  algorithm  is  the  binary 
search algorithm. 
2. Dynamic Programming:
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When a problem shows  optimal substructure, meaning the optimal 
solution to a problem can be constructed from optimal solutions 
to subproblems, and  overlapping subproblems, meaning the same 
subproblems are used to solve many different problem instances, 
a quicker approach called dynamic programming avoids recomputing 
solutions that have already been computed. For example,  Floyd–
Warshall algorithm, the shortest path to a goal from a vertex in 
a weighted graph can be found by using the shortest path to the 
goal  from  all  adjacent  vertices.  Dynamic  programming  and 
memoization go  together.  The  main  difference  between  dynamic 
programming and divide and conquer is that subproblems are more 
or less independent in divide and conquer, whereas subproblems 
overlap in dynamic programming. The difference between dynamic 
programming  and  straightforward  recursion  is  in  caching  or 
memorization  of  recursive  calls.  When  subproblems  are 
independent and there is no repetition, memorization does not 
help;  hence  dynamic  programming  is  not  a  solution  for  all 
complex problems. By using memorization or maintaining a  table 
of subproblems already solved, dynamic programming reduces the 
exponential nature of many problems to polynomial complexity. 
3.Greedy method:
A  greedy  algorithm is  similar  to  a  dynamic  programming 
algorithm,  but  the  difference  is  that  solutions  to  the 
subproblems do not have to be known at each stage; instead a 
"greedy" choice can be made of what looks best for the moment. 
The greedy method extends the solution with the best possible 
decision (not all feasible decisions) at an algorithmic stage 
based on the current local optimum and the best decision (not 
all possible decisions) made in a previous stage. It is not 
exhaustive,  and  does  not  give  an  accurate  answer  to  many 
problems. But when it works, it will be the fastest method. The 
most popular greedy algorithm is finding the minimal spanning 
tree as given by Huffman Tree, Kruskal, Prim, Sollin. 
4. Linear programming  :
When  solving  a  problem  using  linear  programming,  specific 
inequalities involving the inputs are found and then an attempt 
is made to maximize (or minimize) some linear function of the 
inputs. Many problems (such as the  maximum flow for directed 
graphs) can be stated in a linear programming way, and then be 
solved by a 'generic' algorithm such as the simplex algorithm. A 
more complex variant of linear programming is called integer 

file:///wiki/Simplex_algorithm
file:///wiki/Maximum_flow_problem
file:///wiki/Inequality_(mathematics)
file:///wiki/Linear_programming
file:///wiki/Sollin%27s_algorithm
file:///wiki/Prim%27s_algorithm
file:///wiki/Kruskal%27s_algorithm
file:///wiki/Huffman_coding
file:///wiki/Dynamic_programming
file:///wiki/Dynamic_programming
file:///wiki/Greedy_algorithm
file:///wiki/Mathematical_table
file:///wiki/Memoization
file:///wiki/Graph_(mathematics)
file:///wiki/Floyd%E2%80%93Warshall_algorithm
file:///wiki/Floyd%E2%80%93Warshall_algorithm
file:///wiki/Overlapping_subproblems
file:///wiki/Optimal_substructure


programming,  where  the  solution  space  is  restricted  to  the 
integers. 
5. Transform and conquer  :

 This  technique  involves  solving  a  difficult  problem  by 
transforming it into a better known problem for which we have 
(hopefully)  asymptotically optimal algorithms. The goal is to 
find a reducing algorithm whose complexity is not dominated by 
the resulting reduced algorithm's. For example, one  selection 
algorithm for finding the median in an unsorted list involves 
first sorting the list (the expensive portion) and then pulling 
out the middle element in the sorted list (the cheap portion). 
This technique is also known as transform and conquer. 
6. Search and enumeration  :
 Many  problems  (such  as  playing  chess)  can  be  modeled  as 
problems  on  graphs.  A  graph  exploration  algorithm specifies 
rules for moving around a graph and is useful for such problems. 
This category also includes search algorithms, branch and bound 
enumeration and backtracking.
Randomized algorithms are those that make some choices randomly 
(or  pseudo-randomly);  for  some  problems,  it  can  in  fact  be 
proven that the fastest solutions must involve some randomness. 
There are two large classes of such algorithms: 
Monte  Carlo  algorithms return  a  correct  answer  with  high-
probability.  E.g.  RP is  the  subclass  of  these  that  run  in 
polynomial time)
In  optimization problems,  heuristic algorithms do not try to 
find an optimal solution, but an approximate solution where the 
time or resources are limited. They are not practical to find 
perfect solutions. An example of this would be  local search, 
tabu  search,  or  simulated  annealing algorithms,  a  class  of 
heuristic probabilistic algorithms that vary the solution of a 
problem  by  a  random  amount.  The  name  "simulated  annealing" 
alludes to the metallurgic term meaning the heating and cooling 
of metal to achieve freedom from defects. The purpose of the 
random variance is to find close to globally optimal solutions 
rather than simply locally optimal ones, the idea being that the 
random element will be decreased as the algorithm settles down 
to  a  solution.  Approximation  algorithms are  those  heuristic 
algorithms that additionally provide some bounds on the error. 
Genetic  algorithms attempt  to  find  solutions  to  problems  by 
mimicking  biological  evolutionary processes,  with  a  cycle  of 
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random mutations yielding successive generations of "solutions". 
Thus, they emulate reproduction and "survival of the fittest". 
In genetic programming, this approach is extended to algorithms, 
by regarding the algorithm itself as a "solution" to a problem.

7. Brute-force   or   exhaustive search  :
This is the naïve method of trying every possible solution to 
see which is best. 
8. Non linear
9. Integer Programming

  10. Backtracking :
 Backtracking is one of the most general purpose techniques.
Que-2)  How  to  analyze  an  algorithm?  Explain  significance  of 
Omega, big O and all notations.
Answer:
Algorithm Analysis:

To analyze  an algorithm  means to  determine the  amount of 
resources (such as time and storage) necessary to execute it. 
Most  algorithms are designed to work with inputs of arbitrary 
length. Usually the efficiency or running time of an algorithm 
is stated as a function relating the input length to the number 
of  steps  (time  complexity)  or  storage  locations  (space 
complexity).

Analysis  of  an  algorithm  means  to  find  time  and  space 
complexity of that algorithm. On the basis of these two factors 
we  can  decide  whether  algorithm  is  better  for  particular 
situation. One example is given below.
Example1.  Suppose,  two  algorithms  to  find  biggest  of  three 
numbers.
Algorithm 1 :
int Big, a, b, c;
Big = a;
if( b > Big )
{
   Big = b;
}
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If(c > Big)
{
   Big = c;
}
Print Big;

Algorithm 2:
  int a,b,c;
  if(a>b)
  {

   if(a>c)
   {

              print a;
   }
   else
   {
      print c;
  }

  }
  else
  {
     if(b>c)

   {
              print b;

   }
   else
   {
      print c;
  }

  }      
Here, both algorithms need 2 comparisons to find the biggest 
number. So time complexity of both algorithms is same but first 



algorithm takes one more extra variable Big. So memory required 
for first algorithm is more than second algorithm.
That’s why second algorithm is better to choose. It has less 
space complexity and same time complexity.
How to choose best algorithm?
Input Time complexity for particular input
N Log n n log n n^2 n^3 2^n
1 0 0 1 1 2
2 1 2 4 8 4
4 2 8 16 6 16
8 3 24 64 512 256
16 4 64 256 4096 65536
32 5 160 1024 32768 2147483648
Fig.(a). Time complexity for particular input ‘n’.
Significance of following asymptotic notation:
There are basically three types of mathematical notations for 
three different cases of time complexities.
1) Big oh or oh notation denoted as ‘O’: 

Suppose, there are two functions f(x) and g(x), then we can 
say  f(x)  =  O  g(x)  when  their  exists  two  integer  or  real 
constants C and K such as,
f(x) <= C g(x) for all x, where x>=K
Here, 
C = Constant due to software and hardware changes
K = Constant due to asymptotic consideration

 It gives asymptotic “upper bound” on the time complexity 
value for an algorithm.

 Big  ‘O’  notation  is  used  to  denote  worst  case  time 
complexity of an algorithm.

 Big  ‘O’  notation  always  give  maximum  time  taken  for  an 
algorithm to execute completely. That means it will give 
worst case time complexity. 

Example :
Consider, an algorithm to search a specific number from a 

list of ‘n’ numbers.



Big O is used to find worst case analysis. We can say search 
algorithm is having worst case time complexity when the element 
to search is placed at end of the list or at last position in 
the list. Thus in this case search algorithm has to perform 
maximum number of comparison i.e. ‘n’ comparisons if input is 
having length ‘n’. so time complexity in worst case is O(n) = n.
2. Omega notation  :

Suppose, there are two functions f(x) and g(x), then we can 
say that f(x) = Omega of g(x) when their exists two integer or 
real constants C and K such as,
f(x) >= C g(x)  for all x, where x>=K
Here, 
C = Constant due to software and hardware changes
K = Constant due to asymptotic consideration

 It gives asymptotic “lower bound” on the time complexity 
value for algorithm.

 Omega notation is used to denote best case time complexity 
of an algorithm.

 Omega  notation  always  give  minimum  time  taken  for  an 
algorithm to execute completely. That means it will give 
best case time complexity of algorithm. 

Example: - Consider an algorithm to search a specific number 
from a list of ‘n’ numbers. Omega is used to find best case 
analysis of algorithm. We can say search algorithm is having 
best case time complexity when the element to search is placed 
at  starting  position  in  the  list.  Thus  in  this  case  search 
algorithm has to perform minimum number of comparisons i.e. 1 
comparison if input is having length ‘n’. 
 So time complexity in best case is Omega(n) = 1.
3. Theta  notation  :
Suppose, there are two functions f(x) and g(x), then we can say 
that f(x) = Theta of g(x) when their exists three integer or 
real constants C1,C2 and K such as,
C1 g(x) <= f(x) <= C2 g(x)  for all x, where x>=K
Here, 
C1, C2 = Constant due to software and hardware changes
K = Constant due to asymptotic consideration



Theta notation is used to denote average case time complexity of 
an algorithm.
  Theta notation always give average time taken for an algorithm 
to execute completely i.e. this indicates the lower and upper 
bound frequency. 
   That means worst case input and best case input both takes 
same time to execute the program or algorithm completely.
Example : 

Consider, an algorithm to find out smallest number from a 
list of ‘n’ numbers. This algorithm has identical best case and 
worst case time complexities. To find the smallest number from 
given list, the maximum time required to scan the list and the 
minimum time required to scan the list will be the same. The 
time complexity of this algorithm is both O(n) and Omega (n) so 
we  now  represent  the  time  complexity  of  this  algorithm  as 
Theta(n).
Que-3) Explain binary search with recurrence relation and time 
complexity.
Answer:
Binary Search:
Introduction:

In  computer  science, a  binary search is an  algorithm for 
locating  the  position of  an  element  in  a  sorted  list.  It 
inspects the middle element of the sorted list: if equal to the 
sought value, then the element has been found; otherwise, the 
upper half or lower half is chosen for further searching based 
on whether the sought value is greater than or less than the 
middle element. The method reduces the number of elements needed 
to be checked by a factor of two each time, and finds the sought 
value  if  it  exists  in  the  list  or  if  not  determines  "not 
present", in logarithmic time. A binary search is a divide and 
conquer search algorithm.
Algorithm:
   Binary_Search(Arr[],low,high, Key)
   Input: Arr[], N, Key.
      Here, 
         N     =  Total Number of elements stored in the list
         Arr  =  List of 'N' Number of elements
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      Key = Element to search in the list
         Low =0 (initially) 
         High = N-1(initially)
   Output:

1) Element is found in the list
2) Element not found in the list

   Variables Used:
flag = Keep track whether element found in the list or not. 
Step 1: Start

Step 2: 
 Read size of the list from user i.e. N = 10.

      Accept 'N' elements i.e. int Arr[10].
            Accept key element to search from user i.e. Key = 9.

Step 3: 
            Initialize low =0 , high = N-1 , flag=0

Step 4: 
            Repeat while (low <= high) if No then go to step 5 

  If Yes, then
Find mid = (low + high)/2
    check whether Arr[ mid ] = = Key,
          when Yes, then set flag=1, break the loop
          when No then,
             check Arr[mid]< key , 
             when yes, set low =mid+1
             when No, set high = mid -1 
   Go to step 4       

Step 5: 
            check flag = = 0, then 
            when Yes, display message "Element not found in the 
list".
            when No, display message "Element found in the list"

   
Step 6: Stop



Recurrence Relation And Time Complexity:
• Algorithm – “check middle, then search lower ½ or upper ½”
• T(n) = T(n/2) + c
     where c is some constant, the cost of checking the middle…
• Can we really find the middle in constant time?  (Make sure.)

Let’s do some quick substitutions:
T(n) = T(n/2) + c (1)
but T(n/2) = T(n/4) + c, so
T(n) = T(n/4) + c + c
T(n) = T(n/4) + 2c(2)
T(n/4) = T(n/8) + c
T(n) = T(n/8) + c + 2c
T(n) = T(n/8) + 3c(3)

Result at ith unwinding i
T(n) = T(n/2) + c 1

T(n) = T(n/4) + 2c 2

T(n) = T(n/8) + 3c 3

T(n) = T(n/16) + 4c 4

Result at ith unwinding I

T(n) = T(n/2) + c =T(n/21) + 1c 1

T(n) = T(n/4) + 2c =T(n/22) + 2c 2

T(n) = T(n/8) + 3c =T(n/23) + 3c 3

T(n) = T(n/16) + 4c =T(n/24) + 4c 4



• After k unwindings:
T(n) = T(n/2k) + kc 
• Need a convenient place to stop unwinding – need to relate k 

& n
• Let’s pick T(0) = c0  So,
n/2k = 0  =>
n=0 Easy, but not real useful

• Okay, let’s consider T(1) = c0

• So, let:
n/2k = 1   =>
n = 2k       =>
k = log2n = lg n

• Substituting back in (getting rid of k):
T(n) = T(1) + c lg(n)
        = c lg(n) + c0

        = O( lg(n) )

Que-4) Write a short note on complexity and compare between all 
function values.
Answer:
Complexity:
Complexity of an algorithm is measured in terms of amount of 
time and space  
taken by an algorithm to complete it’s execution. There are two 
ways to measure complexity of algorithm.

- Time complexity



- Space Complexity
Time complexity:
The amount of time taken by algorithm or program to execute 
completely  is  called  time  complexity  of  that  algorithm  or 
program.
 How to measure time taken by particular program or algorithm?
First  we  have  to  find  more  significant  operations  like 
comparisons(i.e.  ==  ,  !=,>,>=,<,<=)  and  arithmetic(+,-,+
+,--,*,/,%) operations. It is very hard to measure amount of 
time taken by particular algorithm correctly because it depends 
on following factors. 
- The  machine on which program is executing (i.e. CPU (P-I,P-
II,P-III and P-  IV), Memory & other hardware).
- Instruction set used by machine language.
- Time required by each machine instruction.
- Compilation time i.e. time taken by compiler to convert high 
level language code to low level language.
- Operating System used. 
These values may vary from machine to machine and we can not get 
exact figures. So better way to calculate time taken by each 
instruction  to  execute  is  the  “Frequency  Count“  of  each 
statement  which  gets  executed.  That  means  how  many  times 
particular statement gets executed. We will see how to calculate 
time complexity of an algorithm. Following are some examples.

Algorithm 
1:

Example:  -  Calculate  Time  complexity  of  the 
algorithm or code given below.               
                  X =   X + 1

This  statement  executes  only  once  therefore  the 
frequency count is 1.
It is denoted as O (n) =1

Algorithm 
2:

Example : - Calculate time complexity of following 
code segment 



void main()
{
  for( i =0; i<n; i++)
  {
    x = x +1;
  }
}

Here,
We can calculate time complexity of above code as 
follows :
i) i =0 will be executed only once.
ii) i<n  will  executed  ‘n  +  1’  times  i.e.  ’n’ 

times when condition matching & 1 more when 
condition not matching.

iii) i++ will be executed ‘n’ times.
iv) x = x+ 1 will be executed ‘n’ times.

Calculate  sum  of  frequency  count  of  all  above 
steps, it will give us polynomial equation.
 
1 + (n+1) + n + n so it will give you  3n + 2

    Generally, when we sum the frequency count of 
all the statements we get a polynomial. However, 
for analysis we are only interested in the order 
of magnitude of polynomial. So just neglect the 
constant terms from the polynomial, the order of 
magnitude is ‘n’ and it is denoted by O(n) which 
is  called  order  of  n.  ‘O’  is  called  big   ‘O’ 
notation.

Algorithm 
3:

Example : - Calculate time complexity of following 
code segment 



void main()
{
  for( i =0; i<n; i++)
  {
    for(j=0;j<n;j++)
    {
       x = x +1;
     }
  }
}

Here,
We can calculate time complexity of above code as 
follows :
Step1 : i =0 will be executed  1 times.
Step2 : i<n will executed ‘n + 1’ times i.e.’ n’ 
times when  
           condition matching & 1 more time when 
condition not  
           matching.
Step3 : i++ executes ‘n’ times.

Inner for loop executes following times,
Step3 : j=0 executes 1 time
Step4 : j<n executes ‘n+1’ times
Step5 : j++ executes ‘n’ times 
Calculate sum of frequency count of inner for loop 
as
1 + n+1 + n + n =3n+2 eliminate constants from 
polynomial  i.e.  2  &  3   it  will  give  ‘n’.  so 
frequency count becomes ‘n’.

Step8 : x = x+ 1 will be executed ‘n’ times.



Outer for loop will execute ‘n’ times and it will 
execute  inner  for  loop  ‘n’  times  so  total 
frequency count of inner and outer for loop will 
becomes n*n times i.e. n^2 (n Square).

How to detect which algorithm is faster?
If an algorithm takes time O(log n), then  it is faster than any 
other algorithm.
Similarly O (n log n) is better than O (n^2) i.e. O of n square. 
But not much good than O (n).
There are these seven computing times or time complexities.
1) O (1)             for constant time complexity
2) O (log n)        for logarithmic time complexity
3) O ( n)            for linear time complexity
4) O (n log n)     combination of logarithmic and linear
5) O (n^2)         for quadratic time complexity
6) O (n^3)         for cubic time complexity
7) O (2^n)         for exponential time complexity
Space Complexity : 

 The total amount of memory taken by an algorithm or program 
to complete its execution is called space complexity of that 
algorithm.

 The  amount  of  storage  space  is  taken  is  computed  by 
considering data and their sizes.

 Components of space complexity are as follows:
The  space  needed  by  an  algorithm  is  the  sum  of  fixed  part 
components and variable part components of an algorithm.

Space  Complexity   =   Fixed  Part  Component  +  Variable  Part 
Component  

e.g.   main()
        {
          int a=10,b,c;



          int *ptr;
          ptr= malloc(sizeof(a * 2));
      }    
Here,
Fixed Part Component of an algorithm:
Fixed part component of an algorithm allocates memory statically 
i.e. at the time of compilation of code. Fixed part components 
of an algorithm are constants and normal variables declared in 
algorithm whose memory requirement do not vary on input changes. 
Memory required for fixed part is not dependent on inputs and 
outputs that means as input changes memory required for fixed 
part  remains  same.  Change  of  input  will  not  affect  memory 
required for fixed part. 
In above code variables a, b, c and ptr are fixed part component 
because it will take fixed memory and is not dependent on change 
in inputs.
Memory taken by these variables are,
a = 2bytes
b = 2bytes
c = 2bytes
ptr = 2 bytes
Total memory taken is 8bytes.

Variable Part Component of an algorithm: Variable part includes 
a space 
needed for variables whose size depends upon following things: 

– particular problem being solved
– reference variables or pointer variables used in program
– Stack space required for solving recursive functions. 
– Dynamic memory allocated

In  example,  function  malloc()  allocate  size  for  10  integers 
dynamically. It depends on size of input. So memory required for 
such variables may get changed according to the input given.
A similar notation ‘O’ is used to denote the space complexity of 
an algorithm.



When  computing  for  storage  requirement  we  assume  each  data 
element needs one unit of storage space. While as the aggregate 
data items such as arrays will need ‘n’ units of storage space. 
Here ‘n’ is number of elements in an array.
Comparison between different functions:
Input Time complexity for particular input
N Log n n log n n^2 n^3 2^n
1 0 0 1 1 2
2 1 2 4 8 4
4 2 8 16 6 16
8 3 24 64 512 256
16 4 64 256 4096 65536
32 5 160 1024 32768 2147483648

Here, the relation given is
Log n < n Log n < n^2 < n^3 < 2^n


