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The Investable Periods HackerRank Solution: A Comprehensive Guide

investable periods hackerrank solution refers to the process of finding the optimal
time intervals within a given dataset to maximize a specific objective, often related to
financial investments or resource allocation. This problem typically involves identifying
non-overlapping periods where certain conditions are met, leading to a maximized return
or benefit. Understanding the nuances of this algorithmic challenge is crucial for
developers and data scientists aiming to solve it efficiently. This article will delve deep
into the concepts behind the Investable Periods problem, explore various approaches to its
solution on HackerRank, and provide detailed explanations of the algorithms involved,
including dynamic programming and greedy strategies. We will also cover common pitfalls
and optimization techniques to help you master this complex problem.
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Understanding the Investable Periods Problem

The Investable Periods problem, as commonly presented on platforms like HackerRank,
challenges individuals to identify a set of non-overlapping time intervals from a larger
collection of potential intervals, such that the sum of values associated with the selected
intervals is maximized. Each interval is typically defined by a start time and an end time,
and may carry a specific "value" or "profit." The core constraint is that selected intervals
cannot overlap with each other. This non-overlapping requirement is what makes the
problem non-trivial, as a greedy choice made early might preclude a better overall solution
later.

The objective is to find the subset of intervals that adheres to the non-overlapping rule and
yields the highest aggregate value. This type of problem frequently appears in competitive
programming and interview settings because it tests a candidate's ability to think
algorithmically, break down complex problems into smaller subproblems, and apply
efficient data structures and algorithms. The efficiency of the solution is paramount,
especially when dealing with large datasets where brute-force approaches would be
computationally infeasible.



Core Concepts and Constraints

At the heart of the Investable Periods problem lies the concept of interval scheduling. We
are given a set of intervals, each with a start time, end time, and an associated value. The
fundamental constraint is that if we choose to include an interval in our solution, we
cannot include any other interval that overlaps with it. Overlap is typically defined as any
shared point in time, meaning an interval [a, b] overlaps with [c, d] if they have any time
point in common. This means if interval A ends at time T, interval B can start at time T or
later, but not before.

The "value" associated with each interval can represent various things depending on the
context. In a financial scenario, it could be profit. In resource allocation, it might be
efficiency or utility. The goal is always to maximize the sum of these values. The input
format usually involves a list of intervals, often sorted by their end times to facilitate
certain algorithmic approaches. Understanding how to effectively sort and process these
intervals is a critical first step.

Interval Representation

Intervals are commonly represented as tuples or objects containing three key pieces of
information: a start time, an end time, and a value. For example, an interval could be
represented as " (start, end, value) . The start and end times are usually integers
representing points in time. The value is also typically a numerical type that we aim to
sum up.

Non-Overlapping Condition

The rule that selected intervals must not overlap is the defining characteristic of this
problem. If interval $i$ is represented as $[s i, e i]$ and interval $j$ as $[s j, e jI$, they
do not overlap if $e i\le s j$ or $e j\le s i$. When selecting intervals for our solution, we
must ensure that for any two chosen intervals $i$ and $j$, this non-overlapping condition
holds true. This is often the trickiest part of developing a correct and efficient algorithm.

Algorithmic Approaches to Investable Periods

Solving the Investable Periods problem typically involves exploring different algorithmic
paradigms. The most common and effective approaches include dynamic programming
and greedy algorithms. Each approach has its strengths and weaknesses, and the choice
often depends on the specific constraints and scale of the problem instance.
Understanding the theoretical underpinnings of these methods is essential for crafting an
optimal solution.



A naive approach might involve trying all possible subsets of intervals, checking for
overlaps, and calculating the total value. However, for $N$ intervals, there are $2"N$
subsets, making this approach computationally infeasible for even moderately sized
inputs. Therefore, more sophisticated algorithms are required.

Dynamic Programming Solution

Dynamic programming (DP) is a powerful technique for solving problems that can be
broken down into overlapping subproblems. For the Investable Periods problem, we can
define a DP state that represents the maximum value obtainable up to a certain point in
time or considering a subset of intervals. A common DP approach involves sorting the
intervals, usually by their end times.

Let's assume the intervals are sorted by their end times: $I 1, I 2, \dots, I n$. We can
define "dp[i]° as the maximum value we can obtain using a subset of the first "i" intervals
(i.e., $I 1, \dots, I i$). To compute dpl[i]’, we have two choices for interval $I i = (s i, e i,

v 1)$:

e Do not include $I_i$: In this case, the maximum value is the same as the maximum
value we could obtain using the first $i-1$ intervals, which is “dpl[i-1] .

e Include $I_i$: If we include $I i$, we must ensure that we do not include any
overlapping intervals. Since the intervals are sorted by end times, we need to find
the latest interval $I j$ (where $j < i$) such that $e j\le s i$. The maximum value in
this case would be $v i$ plus the maximum value obtainable from intervals up to
$I j$, which is "dpl[j] . If no such $j$ exists (i.e., $I i$ starts before any previous
interval ends), then the value is simply $v i$.

The recurrence relation thus becomes:

“dpli] = max(dpli-1], v_i + dpl[p(i)])’

where "p(i)" is the index of the latest interval $I j$ such that $e j\le s i$, and "dp[0] = 0".
The function "p(i)" can be efficiently computed using binary search on the sorted end
times of the preceding intervals.

Greedy Approach for Investable Periods

While dynamic programming provides a robust solution, sometimes a greedy approach can
also yield the correct answer for specific variations of the problem, or provide a good
approximation. A common greedy strategy for interval scheduling problems involves
sorting intervals based on a specific criterion and making locally optimal choices.
However, for the weighted interval scheduling problem (which Investable Periods is a
form of), a simple greedy strategy like "always pick the interval with the earliest finish
time" or "always pick the interval with the highest value" does not guarantee an optimal
solution.



The strategy that can work greedily, but is actually equivalent to a specific DP state
transition, is sorting by finish times. If we sort intervals by their finish times, and then
iterate through them, we can decide whether to include the current interval. If we include
it, we can then skip all intervals that overlap with it. However, this still requires
comparing potential future gains, which leans towards DP. A truly greedy approach that is
guaranteed to be optimal for weighted interval scheduling is not as straightforward as for
the unweighted version. For the standard Investable Periods problem as described, DP is
generally the preferred and guaranteed optimal method.

Edge Cases and Optimization Strategies

When implementing a solution for Investable Periods, several edge cases and optimization
strategies are crucial for ensuring correctness and performance. These include handling
empty input, intervals with zero duration, and ensuring efficient lookups for non-
overlapping predecessors.

Handling Empty Input

If the input list of intervals is empty, the maximum investable value is, by definition, 0. The
algorithm should gracefully handle this case without errors. In a DP approach, this is
usually covered by the base case "dp[0] = 0".

Intervals with Zero Duration

Intervals where the start time equals the end time (e.g., '[5, 5, 10]") can be treated as
point events. They do not occupy a duration but still carry value. The non-overlapping
logic needs to correctly incorporate these. Typically, an interval "[a, b]" will not overlap
with “[b, c] if $a \le b$ and $b \le c$. A zero-duration interval '[x, x]  at time "x~ would
not overlap with '[x, y] or [z, x]" under standard definitions, making them easy to
include if their value is positive.

Efficient Predecessor Lookup

The efficiency of the DP solution heavily relies on quickly finding the index "p(i)" - the
latest interval $I j$ that finishes before $1 i$ starts. If intervals are sorted by finish times,
this can be achieved using binary search. For each interval $I i$, we search in the sorted
list of finish times of intervals $I 1, \dots, I {i-1}$ for the largest index $j$ such that $e j
\le s_i$. This binary search operation takes $O(\log i)$ time. Since we perform this for
each of the $N$ intervals, the total time complexity for computing all "p(i)" values is $O(N
\log N)$ after the initial sort.



Overall Time Complexity

The overall time complexity for the dynamic programming solution is dominated by two
main steps:

e Sorting the intervals by their end times: $O(N \log N)$.

e Iterating through the sorted intervals and performing binary search for each: $N
\times O(\log N) = O(N \log N)$.

Thus, the total time complexity is $O(N \log N)$, which is highly efficient for typical
problem constraints. The space complexity is $O(N)$ to store the DP table.

Real-World Applications of Investable Periods

The Investable Periods problem, while abstract in its algorithmic formulation, mirrors
many real-world decision-making processes. The ability to select non-overlapping activities
or investments to maximize cumulative benefit is a core challenge in various domains.

In finance, this problem directly translates to portfolio management. Investors often face a
selection of potential investment opportunities, each with a duration (e.g., a bond's
maturity, the holding period for a stock) and an expected return. The constraint is that
capital allocated to one investment cannot be simultaneously allocated to another. The
goal is to select a sequence of investments that maximizes the total return over a given
timeframe without conflicting capital usage.

Beyond finance, similar problems arise in:

e Project Management: Selecting a sequence of projects or tasks that can be
executed within a project timeline, considering resource constraints and task
dependencies, to maximize overall project value.

¢ Resource Scheduling: Allocating limited resources (like machines, personnel, or
bandwidth) to tasks that have specific start and end times and provide varying
degrees of utility. The objective is to maximize the total utility of assigned tasks.

e Event Planning: Organizing events in a venue or on a broadcast schedule to
maximize attendance, revenue, or impact, ensuring that no two events requiring the
same core resources overlap.

e Surgery Scheduling: Optimizing the scheduling of surgeries in an operating room

to maximize patient throughput or prioritize certain types of procedures, given the
duration of each surgery and availability of operating rooms.

The Investable Periods problem serves as a foundational model for tackling these complex



scheduling and optimization tasks, highlighting the practical significance of efficient
algorithmic solutions.

FAQ

Q: What is the core challenge of the Investable Periods
problem on HackerRank?

A: The core challenge is to select a subset of given time intervals, each with an associated
value, such that no two selected intervals overlap, and the sum of the values of the
selected intervals is maximized. The non-overlapping constraint is key.

Q: Why is a brute-force approach not feasible for the
Investable Periods problem?

A: A brute-force approach would involve checking every possible subset of intervals, which
is $27N$ for $N$ intervals. This exponential complexity makes it computationally
impossible for even moderately sized inputs (e.g., $N=30$ or more).

Q: How does sorting help in solving the Investable
Periods problem?

A: Sorting the intervals, typically by their finish times, is crucial for dynamic programming
and some greedy approaches. It allows us to process intervals in a structured order,
making it easier to determine dependencies and compute optimal solutions for
subproblems.

Q: Can a simple greedy strategy solve the Investable
Periods problem?

A: No, a simple greedy strategy like picking the interval with the earliest finish time or the
highest value does not guarantee an optimal solution for the weighted version of the
problem (where intervals have values). Dynamic programming is generally required for
guaranteed optimality.

Q: What is the time complexity of the standard dynamic
programming solution for Investable Periods?

A: The standard dynamic programming solution, which involves sorting intervals and using
binary search to find preceding non-overlapping intervals, has a time complexity of $O(N
\log N)$, where $N$ is the number of intervals.



Q: What is the space complexity of the DP solution for
Investable Periods?

A: The space complexity is typically $O(N)$ to store the DP table and potentially an array
to store the results of the predecessor lookups.

Q: How do you find the "previous non-overlapping
interval" efficiently in the DP solution?

A: After sorting intervals by finish times, for a given interval $I i$ starting at $s i$, you
can use binary search on the finish times of intervals $I 1, \dots, I {i-1}$ to find the latest
interval $I j$ such that its finish time $e j\le s i$.

Q: What are some real-world scenarios where the
Investable Periods problem is applicable?

A: Real-world applications include financial portfolio optimization, project scheduling,
resource allocation, event planning, and optimizing surgery schedules in hospitals.

Q: Can intervals with zero duration be included in the
Investable Periods solution?

A: Yes, intervals with zero duration (start time equals end time) can be included if they
contribute positively to the total value. They typically do not cause overlap issues with
intervals that start or end exactly at that point in time.

Q: What are potential pitfalls when implementing an
Investable Periods solution?

A: Common pitfalls include incorrect handling of the non-overlapping condition, inefficient
searching for predecessor intervals, off-by-one errors in DP state transitions, and not
correctly handling edge cases like empty input.
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