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Abstract 

Competitive programming has become a vital skill set for both computer science students and 
professionals, fostering problem-solving abilities, algorithmic thinking, and time management in a 

highly competitive environment. This paper provides a comprehensive overview of competitive 
programming, beginning with its core principles and progressing through advanced strategies used by 

participants to solve complex problems efficiently. In addition to explaining fundamental concepts, the 
paper explores key algorithms and data structures frequently employed in competitive programming, 

emphasizing their role in optimizing both time and memory usage. Memory efficiency is discussed in 
detail, highlighting how careful management of resources can be the difference between success and 

failure in a contest setting. The paper also offers an introduction to competitive programming platforms, 
discussing features such as rating systems, and rating graphs, and how these metrics are used to track 

progress and skill development. Finally, the paper underscores the growing importance of competitive 
programming in today’s tech-driven world, where the skills gained from participating in these 

competitions are increasingly sought after in both academic and professional settings. By the end, 
readers will have a thorough understanding of the competitive programming landscape, its challenges, 

and its value in modern computer science education and career development. 
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INTRODUCTION 

By name, it is easy to understand its meaning, that is, programming there is some competition. 
Competition to finish code first, in a more efficient time, and with less memory usage. For the reader, 

it may not be easy to understand these terms; as we go through, everything will be understandable. We 
address well-known problems in competitive programming. Problems are based on such tags, which 

may seem easy for the human brain to answer, but preparing a flexible code for them may cause a 
problem [1–6]. 

 

The main aim of this is to teach problem-solving skills to a programmer, which may not be as easy 

as writing code. learning competitive programming 

is not just the ultimate goal of a programmer; it 

helps produce better software that can handle large 

and complex real-life problems [7]. Competitive 

Programming is important for a programmer not 

only to learn question-solving skills but also to help 

him land in dream jobs or dream companies. A 

candidate with a good rating on programming 

platforms has a good impression in the eyes of the 

interviewers. Successful competitive programming 

can significantly enhance a candidate’s profile, 

making it more attractive to top-tech companies. 

Competitive Programming promotes a culture of 
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creativity and teamwork. Participants often work in teams, honing their ability to communicate ideas 

and collaborate effectively [8]. This research paper deals with several types of algorithms that are used 

in competitive programming, and this research paper also explains various terminologies that are used 

in competitive programming. Several codes and references have been used for their explanations, which 

will help them to understand them easily. In addition, this paper discusses a rating graph that helps 

understand the knowledge level of a candidate. Various sources have been used for this purpose, which 

will help us to understand better. 

 
UNDERSTANDING COMPETITIVE PROGRAMMING 
Basics of Competitive Programming 

Competitive Programming comprises a set of problems comprising certain algorithms and 
mathematical problems within specified time limits. There are various platforms, such as CodeForces, 
Codechef, Leetcode, and Atcoder. These platforms conduct contests three or more times per month. 
The term contests can be considered an exam in which a participant has to solve given problems within 
given constraints, which generates the global rank of a participant. This also helps generate a rating of 
a participant, which can be considered as the result of his performance during a contest, as shown in 
Figure 1 [7]. 
 
What is the Rating of the Participant? 

In competitive programming, a rating is a numerical value assigned to participants based on their 
performance in contests. Ratings serve as a measure of a participant’s skill level and help to rank 
competitors relative to one another. 
 
How is Rating Calculated? 

Ratings are typically calculated using systems similar to the Elo rating system used for chess. Some 
factors on which the rating depends are: 

• Performance relative to other participants. 

• Expected performance. 

• Contest difficulty. 
 

If we talk about the code forces platform, participants are categorized into various divisions based on 
their ratings, such as Pupil, Specialist, Expert, Candidate Master, Master International Master, 
Grandmaster, and International Grandmaster, as shown in Figure 2 [9]. Understanding the terminology 
of ratings is quite confusing (Figure 3). 
 
How is Time Complexity Calculated? 

In competitive programming, the time complexity is measured to predict the runtime scales of an 
algorithm with an increase in input size. The less time the code requires for execution, the better it is 
considered. During a contest, there is also a time limit for the code, which makes the problem even 
more challenging [10]. 
 

 
Figure 1. Problem page image of a contest on the CodeForces platform. 
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Figure 2. Rating graph of CodeForces top-rated participant. 

 

 
Figure 3. Table explaining rating terminologies in CodeForces [1]. 

 

The time complexity of a code can be estimated easily by observing the operations that a code is 

following. The following steps help calculate the time complexity of a code: 

• Identifying basic operations: Basic operations such as arithmetic operations and comparisons are 

those whose execution times are constant. In general, time complexity is denoted by O (1). 

• Number of times basic operations are executed: Because basic operations have constant time 

complexity, if they are performed in some loops, the execution is performed n times for a given 

value of loop (n). Thus, the time complexity in such cases generally becomes O(n). 

• Loops: Running loops in code is on the one hand very essential to perform operations but on the 
other, it affects the time complexity of code directly. Running a loop of size n generally results 
in a time complexity O(n). However, running a nested loop, which is a loop inside the loop, 
causes the time complexity to be O(n²). 

• Combine time complexities: If an algorithm has multiple steps, the overall time complexity is 
often the one with the highest growth rate. For example, O(n) +O(n^2) is simplified to O(n²). 

• Recursive analysis: Recursion is considered one of the most time-consuming algorithms with a 
time complexity of O(2n). 



 

 

Competitive Programming and Its Importance in the Present World                                          Mishra and Shukla 

 

 

© STM Journals 2024. All Rights Reserved 42  
 

Here are some examples to understand time complexity: 
 
Example 1: Single loop 
 
  for (int i = 0; i< n; i++) { 
  // constant time operation 
  } 
 
Its time complexity is O(n) because it runs n times. 
 
Example 2: Nested loop 
 
  for (int i = 0; i< n; i++) { 
  for (int j = 0; j < n; j++) { 
  // constant time operation 
  } 
  } 
 

Time Complexity: (O(n2)) because the inner loop runs (n) times for each (n) iteration of the outer 
loop. 
 
  Example 3: Recursive Function 
  void recursion(int n) { 
  if (n <= 1) return; 
  recursion(n - 1); 
  } 
 
This forms the recurrence relation (T(n) = 2T(n-1) + O(1)). The time complexity is (O(2^n)). 
 

Steps to Calculate Time Complexity 

• Write down the pseudocode or actual code of the algorithm. 

• Identify the loops, recursive calls, and other control structures. 

• Calculate the time complexity of each component. 

• The results were combined using the rules of the Big-O notation to determine the overall time 

complexity. 

 

By understanding and following these steps, we can effectively calculate the time complexity of 

algorithms in competitive programming, helping to write more efficient and optimized codes (Figure 4). 

 

If we look below the standard input/output text, there is time with memory. This indicates the 

maximum time limit of the code, which is the maximum memory limit. 

 

Understanding Memory Limits 

In competitive programming, memory limits specify the maximum amount of memory a program 

ensures that submissions are efficient and can handle large inputs within the constraints of the problem. 

 

KEY ASPECTS OF MEMORY LIMITS 

• Measurement units: Memory is typically measured in bytes, but in competitive programming, it 

is often presented in megabytes (MB) or gigabytes (GB). 

• One MB = (10^6) bytes (sometimes approximated as (2^{20}) bytes in certain contexts). 

• Common limits: Memory limits vary from one competition to another. The common limits were 

256 MB, 512 MB, and 1 GB. 
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Figure 4. Image showing a problem set and successful submissions of some contest. 

 

Memory Usage Calculation 

Understanding how much memory different data types and structures use is critical. 

 

Common Sizes 

• int: 4 bytes 

• long: 8 bytes 

• float: 4 bytes 

• double: 8 bytes 

• char: 1 byte 

• Arrays: The size depends on the element type and the number of elements. 

• Objects and structures: The memory used includes the data and references they hold. 

 

Example Considerations 

• Array allocation: An array of integers with (106) elements uses approximately (4 × 106) bytes (4 

MB). 

• String handling: A string with (10^6) characters uses 1 MB. 

• Complex data structures: A graph with (10^5) nodes and (10^6) edges, represented with 

adjacency lists, can have significant memory usage owing to the storage of lists and pointers. 

 

Until now, we have discussed various aspects of competitive programming, and we now discuss the 

most important topic, namely, algorithms. 

 

ALGORITHMS 

Greedy Algorithm 

A greedy algorithm is a method for solving problems by choosing the best available option at each 

stage to achieve the optimal solution globally. It focuses on maximizing immediate benefits without 

considering future outcomes. Although this approach is often efficient and straightforward, it does not 

ensure an optimal solution for every scenario. Greedy algorithms excel in making local decisions that 

seem optimal at the moment but may overlook better long-term strategies that could lead to a superior 

overall outcome. 

 

Examples of Greedy Algorithm 

• Dijkstra’s algorithm: This algorithm identifies the optimal path between two nodes in a graph. It 

operates by consistently selecting the shortest available edge, starting from the current node. 

• Kruskal’s algorithm: This algorithm determines the minimum set of edges that link all vertices 

in a graph without creating cycles. This was achieved by continually selecting the edge with the 

lowest weight that did not cause a cycle. 
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• Fractional knapsack problem: In goal of this problem is to pack a knapsack with items that offer 

the best value relative to their weight, given a maximum capacity. The greedy approach tackles 

this by prioritizing items based on their value-to-weight ratio, starting with the highest ratio and 

filling the knapsack until capacity is reached. 

• Coin change problem: The greedy algorithm for making a change seeks to minimize the number 

of coins required to achieve a specific amount. This was achieved by continuously selecting the 

coin with the highest denomination, which was smaller than the remaining amount to be changed. 

This approach ensures that larger denominations are used first, thereby minimizing the total 

number of coins required. 

 

How Does the Greedy Algorithm Work? 

• It begins with the problem's initial state, which serves as the starting point for decision-making. 

• Assess all potential options from their current state by considering the choices available at that 

moment. 

• Select the option that appears most advantageous at the present moment, without considering 

future repercussions. This is the “greedy” approach—choosing the best available option now, 

even if it may not be optimal in the long term. 

• Transition to a new state based on the selected option. This new state serves as the starting point 

for the next iteration. 

 

Example 

You are given an array of integers. Find the subsequence with the maximum product. 

 

Suppose you have the array: [-2, 1, -3, 4, -1, 2, 1, -5, 4]. 

 

Here, we can use negative numbers to increase the maximum if the count of the negative numbers is 

greater than one. 

 

If the negative numbers are odd, we can neglect the smallest one, and the remaining negative numbers 

contribute to the maximum product. 

 

If negative numbers are even at times, then we will take all numbers, thereby increasing the 

maximum. 

 

Of course, we take the product of all positive numbers (except for the number zero). 

 
Binary Search 

Binary search is a systematic technique for locating a specific value in a sorted list. It operates by 

continually dividing the search range by half until the target value is located or it is determined that the 

value is not present. This is achieved by comparing the target with the middle element of the current 

search range, thereby allowing the algorithm to efficiently narrow the possibilities with each iteration. 

The process continues until the target is located or the search interval is narrowed to zero. 

 

Advantages of Binary Search 

Binary search offers superior performance compared with linear search, particularly when dealing 

with large arrays. It outperforms alternative search algorithms such as interpolation and exponential 

search, which share comparable time complexities. This method excels in scenarios where datasets are 

extensively stored in external storage, such as cloud platforms or hard drives. Its efficiency lies in its 

ability to swiftly pinpoint desired values by systematically dividing the search range and swiftly honing 

the target value or confirming its absence. 
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How Does the Binary Search Algorithm Work? 

Take a look at an example of deep learning: 

Array arr[10] = [1, 3, 5, 7, 9, 11, 13, 15, 17, 19], and the target = 17. 

 

How to Implement Algorithm? 

Two ways to implement algorithms 

• First one: Iterative Algorithm 

• Second one: Recursive Algorithm 

 

Codes are given for both: 

 

Iterative B.S. Algorithm 

In this method, a while loop is used to repeatedly compare the target value with the middle element 

of the current search range. This comparison allowed us to systematically split the search space into 

two halves (Figure 5). 

 

Recursive B.S. Algorithm 

In the recursive version of binary search, a function is defined to compare the middle element of the 

current search range with the target key. Based on this comparison, 

• If the middle element matches the key, the function returns to its index. 

• If the middle element is greater than the key, the function recursively searches for the left half of 

the range. 

 

 
Figure 5. The following image shows the code for this approach. 
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• If the middle element is less than the key, then the function recursively searches for the right half 

of the range. 

 

This recursive procedure continues until the key is found and its index is returned, or the search space 

is exhausted (Figure 6) [10, 12]. 

 

Dynamic Programming 

Dynamic programming (DP) is an approach in mathematics and computer science aimed at tackling 

intricate problems by breaking them into smaller, manageable sub-problems. It emphasizes solving each 

sub-problem only once and storing its solution, thereby preventing repetitive calculations. This method 

optimizes the efficiency of solutions across various challenging problems by leveraging previously 

computed results to build the final solution effectively [2]. 

 

How Does It Work? 

• Decompose the primary problem into smaller, independent sub-problems. 

• Each sub-problem is solved, and its solution is recorded in an organized manner, such as in a 
table or array. 

 

 
Figure 6. This image shows the code for this approach in C++. 
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• The precomputed solutions of these sub-problems are used to incrementally build a solution to 

the main problem. 

• By storing the solutions, dynamic programming ensures that each sub-problem is solved only 

once, reducing the computational overhead and improving the efficiency of solving the problem. 

 

Example 1: Let’s understand DP by the Fibonacci sequence. 
 

Fibonacci sequence: 0, 1, 1, 2, 3, 5, 8, 13, 21, 34, … 

 

Brute Force Approach: Using a brute force approach to determine the nth Fibonacci number involves 

calculating it by directly summing the (n-1) th and (n-2) th Fibonacci numbers. Although this method 

is straightforward, it becomes inefficient for large values of n because it requires computing all 

preceding Fibonacci numbers up to the nth value. Repetitive calculations can result in high time 

complexity, making them impractical for large values of n. 

 

Dynamic Programming Approach 

Fibonacci series using dynamic programming 

 

Define the Problem 

The Fibonacci sequence is defined as: 

F(0) = 0 

F(1) = 1 

F(n) = F(n-1) + F(n-2) for n > 1 

Our goal is to find the nth Fibonacci number, F(n). 

 

Identify Sub-problems 

In the context of dynamic programming, we recognize that calculating each Fibonacci number 

requires knowing its two predecessors (F(n-1) and F(n-2)). Therefore, we can break down the problem 

into smaller sub-problems, where each sub-problem computes a Fibonacci number of up to n. 

 

Store Solutions 

Instead of repeatedly recalculating Fibonacci numbers, we stored the results of the already computed 

Fibonacci numbers in an array or table. This allows us to access previously computed values directly 

when required. 

 

Build Up Solutions 

The solution was iteratively built starting from the base cases (F(0) and F(1)) and gradually 

computing each subsequent Fibonacci number up to F(n). Using the stored results from previous 

computations, we efficiently computed F(n) at linear time O(n). Hence, we can calculate without 

repeating and recomputing the sub-problems repeatedly. 

 

When to Use Dynamic Programming? 

Dynamic programming is a methodical strategy employed in problem-solving and is characterized 

by two key aspects. 

 

Optimal Substructure 

This principle suggests that the best solution for a larger problem can be built from the best solutions 

to its sub-problems. By dividing the problem into smaller manageable sections and solving each 

separately, we can merge these solutions to obtain the optimal solution for the entire problem. 

 

Overlapping Sub-problems 

These characteristics highlight the repetition of solving identical sub-problems across different 

sections of the main problem. Rather than recalculating the results for these sub-problems each time 
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they appear, dynamic programming aims to store and reuse previously computed solutions. This avoids 

redundant computations and enhances efficiency by leveraging the stored results. 
 

Dynamic programming ensures efficiency by breaking down complex problems into simpler sub-
problems and efficiently managing the reuse of solutions through systematic storage and retrieval. 
 
Approaches of Dynamic Programming 

Dynamic programming can be achieved using two approaches: 
 
Top-Down Approach (Memoization) 

In the top-down approach, also referred to as memoization, we begin by directly tackling the main 
problem and then recursively decompose it into smaller and more manageable sub-problems. This 
method guarantees that each sub-problem is addressed only once by saving its solution in a memoization 
table. This table acts as a cache, preventing unnecessary precomputation of the results for sub-problems 
that have already been solved. 
 
Here is a simplified explanation: 

1. Starting point with final solution: We initiated the solution process directly from the main 
problem. From there, we recursively break it down into smaller parts until we reach the simplest 
base cases or sub-problems. 

2. Storing sub-problem solutions: To enhance efficiency, we saved the solution of each sub-
problem in a memoization table as soon as it was solved. This allowed us to quickly retrieve and 
reuse solutions without having to recompute them, thereby saving time and computational 
resources. 

3. Ideal conditions for usage: The top-down approach with memoization is particularly effective 
when dealing with problems that involve a large number of sub-problems, many of which overlap 
or are reused in the computation. By storing the solutions, we streamlined the process and 
avoided redundant calculations, making this approach highly suitable for complex problems with 
repetitive elements. 

 
Overall, memoization enhances the efficiency of problem-solving using recursive decomposition by 

strategically caching solutions and minimizing unnecessary computations. 
 

Bottom-Up Approach (Tabulation) 
In the bottom-up approach, also referred to as tabulation, we first address the smallest sub-problems 

and systematically progress towards solving the main problem. This method involves constructing a 
table in which each entry represents the solution to a sub-problem. By iterative computing and storing 
these solutions in the table, we ensure that each sub-problem is solved sequentially and logically. 
 
Here’s a simplified breakdown: 

1. Starting with small subproblems: The approach begins by solving the smallest and simplest 
instances of the problem. From there, it incrementally builds towards solving larger sub-problems 
until it reaches the final solution to the main problem. 

2. Using a table for solutions: A key aspect of the bottom-up approach is the utilization of a table 
(or array) to store computed solutions to sub-problems. Each entry in the table represents a 
particular sub-problem and is populated using a methodical bottom-up approach. 

3. Ideal conditions for usage: This approach is particularly useful for problems where the number 
of sub-problems is feasible, and the optimal solution can be directly obtained from the solutions 
to smaller sub-problems [12]. It avoids the complexities of recursion and is well-suited for 
scenarios in which a straightforward sequence of computations can lead to the final solution. 

 

In essence, the bottom-up approach (tabulation) optimizes problem-solving by systematically 

computing and storing solutions in a structured manner, ensuring efficiency and clarity in addressing 

complex problems. 
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Some Other Mathematical Algorithms 

Sieve Algorithm 

The sieve of Eratosthenes is a traditional algorithm used to determine all prime numbers up to a given 

number T. It operates efficiently with a time complexity of (O (n × log × log (n))), which makes it 

suitable for large values of (T). By systematically eliminating non-prime numbers from a list, starting 

from the smallest prime (2), the algorithm efficiently identifies all primes less than (T). This method 

involves iteratively marking multiples of each prime number as non-prime, gradually reducing the list 

of candidates until only the prime numbers remain (Figure 7). 

 

In the Sieve Algorithm, we only calculate all prime numbers that will be required to perform operations 

with a time complexity of O(n*log(log(n))). Thus, to solve any query, we do not need to calculate prime 

numbers repeatedly, thus reducing the execution time and risk of time complexity. 

 

Fermat’s Little Theorem 

In number theory, Fermat's little theorem asserts that for any integer 𝑎a and a prime number 𝑝, the 

expression 𝑎𝑝 ≡𝑎(mod𝑝) holds true. This means that raising 𝑎 to the power of 𝑝 and then taking the 

result modulo 𝑝 yields 𝑎 itself. 

 

This approach leverages the efficiency of modular exponentiation, where raising a to the power of 

𝑚−2 modulo 𝑚 yields the modular inverse of an under 𝑚. This method is particularly useful in 

cryptographic algorithms and number-theoretic computations where modular arithmetic plays a  

crucial role. 

 

 
Figure 7. This image shows the code for this approach. 
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CONCLUSION 

Competitive programming is a vital discipline that offers significant benefits to those involved. By 

understanding the basics, including the types of problems, competition structures, key algorithms, and 

data structures, as well as the platforms and skills developed, aspiring programmers can better 

appreciate and navigate the competitive programming (CP) world. This foundational knowledge serves 

as a stepping stone for further exploration and mastery in the field and contributes to personal and 

professional growth in computer science and software engineering. 
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