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Lecture 14 – part B 
• We will summarize what we know about 

complexity 
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Big O Notation 

• We say that a function f(n) is O(g(n)) if there is 
a constant c such that for large enough n,  
|f(n)| ≤ c ∙ |g(n)| 

• We denote this as f(n) = O(g(n)) 
For example: 
• 5n∙log2(n) = O(n log(n))      [where did the log base disappear?] 

• 2log2(n) = O(n)                     [not the tightest possible bound] 

• 1000∙n∙log2(n) = O(n2)        [not the tightest possible bound] 

•2n/100 ≠ O(n100) 
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Complexity Hierarchy 
O(1) 

O(logn) 

O(n) 

O(n2) 

O(2n) 

constant  

logarithmic 
Poly-logarithmic 

linear 

quadratic 

exponential 

O(log2n) 

O(3n) 
…     

O(nlogn) 
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We’ll meet 
this guy later 
in the course 

Unless asked to prove formally, 
You can use these relations as facts. 



Big O Notation: A Discussion 
• An algorithm that Halves (or divides by some other constant) the problem 

size each time will normally have an O(logn) time complexity  
• example: binary search 
 

• An algorithm that spends at most a constant number of operations for each 
element will normally have an O(n) time complexity 

• example: the palindrome problem, merge (2 input sizes) 
 

• An algorithm that spends at most a constant number of operations for each 
pair of elements will normally have an O(n2) time complexity 

• example: selection sort (compares about half of possible pairs) 
 

• An algorithm that checks "all possible solutions" may have an O(2n) time 
complexity 

• example: integer exponentiation (exponential in the number of bits) 
       soon: towers of Hanoi, trial division, gcd 
• We deal with them, point they are fine for small size inputs, AND try to 

improve upon them (not always successfully). 
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• Basic iterative patterns (c is some constant independent of n): 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

• Things get more complicated when we have nested loops that are 
dependent, as we have seen in many occasions throughout the course. 

Complexity of Iterative Algorithms 
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1.  i = 1 
2.  while  i < n: 
3.         i = i +1 

1.  i = 1 
2.  while  i < n: 
3.        i = i + c 

1.  i = n 
2.  while  i > 1: 
3.         i = i - c 

1.  i = 1 
2.  while  i < n: 
3.         i = i *2 

1.  i = 1 
2.  while  i < n: 
3.         i = i *c 

1.  i = n 
2.  while  i > 1: 
3.         i = i / c 

1.  i = 2 
2.  while  i < n: 
3.         i = i * i 

1.  i = 2 
2.  while  i < n: 
3.         i = i**c 

1.  i = n 
2.  while  i > 2: 
3.      i =  i**1/c  

O(n) 

O(logn) 

(c >0) 

(c >1) 

(c >1) O(???) 



Worst / Best Case Complexity 
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• In many cases, for the same size of input, the content of the input 
itself affects the complexity. 
 

• Examples we have seen? Examples in which this is not the case? 
   -  binary search  - mergesort 

 
• Note that this statement is completely nonsense: 

"The best time complexity is when n is very small…" 
 

• Often the average complexity is more informative (e.g. when the 
worst case is rather rare). 
However analyzing it is usually more complicated, and requires some 
knowledge on the distribution of inputs. 
Assuming distribution is uniform: 
 
examples from our course?  
- Quicksort runs on average in O(nlogn) (also best case) 
- soon: Hash table chains are of length O(n/m) on average 

 
 

𝑇𝑎𝑎𝑎𝑎𝑎𝑎𝑎 𝑛 =
∑ 𝑇(𝐼) 𝐼∈𝐼𝐼𝐼𝐼𝐼𝐼 𝐼

|𝐼𝑛𝐼𝐼𝐼𝐼 𝑛 |  



Space (memory) Complexity 
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• A measure of how much memory cells the algorithm needs 
• not including memory allocated for the input of the algorithm 
 

• This is the maximal amount of memory needed at any time point 
during the algorithm's execution 
 
 
 
 
 
 

• Compare to time complexity, which relates to the cumulative amount 
of operations made along the algorithm's execution 

algorithm execution time 

memory 
taken 

algorithm execution time 

operations 
performed 

max = space complexity 

integral = time complexity 



Space (memory) Complexity 
• we will not require space complexity analysis of recursive algorithms 

• note that recursion depth is related to space complexity 
 

• we do require understanding of space allocation requirements in 
basic scenarios such as: 
• copying (parts of) the input 
• list / string slicing 
• using + operator for lists (as opposed to += or lst.append) 
etc. 
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def selectsort1(lst): 
   '''sort lst using selection sort''' 
    n = len(lst) 
    for i in range(n): 
        m_index = i 
        for j in range(i+1,n): 
            if lst[m_index] > lst[j]: 
                m_index = j 
        swap(lst, i, m_index) 
    return None 

def selectsort2(lst): 
    ''' sort lst using selection sort ''' 
    n = len(lst) 
    for i in range(n): 
        m = min(lst[i:n]) 
        m_index = lst.index(m) 
        lst[i], lst[m_index] = lst[m_index], lst[i] 
    return None 

def selectsort3(lst): 
    ''' sort lst using selection sort''' 
    n = len(lst) 
    out = [] 
    for i in range(n): 
        m = min(lst) 
        out.append(m) 
        lst.remove(m) 
    return out 

def swap(lst,i,j): 
    tmp = lst[i] 
    lst[i] = lst[j] 
    lst[j] = tmp 



Recursive Formulae of Algorithms Seen in 
our Course 
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מעבר  פעולות  דוגמא
 לרקורסיה

קריאות  
 רקורסיביות

 סיבוכיות נוסחת נסיגה

max1 )1 עצרת, )מהתרגול N-1 T(N)=1+T(N-1) O(N) 

 N/2 T(N)=1+T(N/2) O(log N) 1 בינאריחיפוש 

Quicksort (worst case) N N-1 T(N)=N+ T(N-1) O(N2) 

Mergesort 
Quicksort (best case) 

N N/2 ,N/2 T(N)=N+2T(N/2) O(N log N) 

 slicing N N/2 T(N)=N+T(N/2) O(N)בינארי עם  חיפוש

max2 )1 )מהתרגול N/2 ,N/2 T(N)=1+2T(N/2) O(N) 

 N-1, N-1 T(N)=1+2T(N-1) O(2N) 1 האנוי

 )לא הדוק( N-1, N-2 T(N)=1+T(N-1)+T(N-2) O(2N) 1 י'פיבונאצ
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