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ABSTRACT

In the contemporary digital landscape, effective time management is paramount for individuals across various domains. This paper explores a novel approach to
tackling time management problems through Actor-Critic Reinforcement learning. Reinforcement learning, a powerful machine learning paradigm, is the core
methodology. It serves as the foundation for developing an intelligent time management system that adapts to the unique behaviors and preferences of individuals.
This system provides personalized time management strategies, enhancing productivity and overall effectiveness. Unlike conventional methods, which may involve
static scheduling models, this paper embraces dynamic learning and adaptation through reinforcement learning algorithms. By doing so, it offers a flexible solution
for the students to optimally manage their time via efficient planning of tasks. In summary, the project seeks to address the universal issue of efficient time
management in the digital age by harnessing the capabilities of reinforcement learning.
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I. INTRODUCTION

In the fast-evolving digital landscape of today, the ability to manage time efficiently stands as a cornerstone skill for individuals navigating diverse
professional and personal spheres. This paper undertakes a comprehensive exploration of an innovative approach aimed at confronting the multifaceted
challenges of time management, employing Actor-Critic Reinforcement Learning as its central framework. Reinforcement learning, a sophisticated
machine learning paradigm renowned for its adaptability and robustness, serves as the linchpin of this endeavour, offering a powerful methodology to
construct an intelligent time management system tailored to individual needs. At the heart of this system lies the concept of personalized time management
strategies, meticulously crafted to accommodate the nuanced behaviours and preferences of each user.

Unlike traditional approaches characterized by rigid, one-size-fits-all scheduling models, the methodology advocated in this paper prioritizes dynamic
learning and adaptation facilitated by reinforcement learning algorithms. By leveraging this dynamic framework, the system endeavours to furnish users,
particularly students, with the tools necessary to optimize their time allocation and task prioritization, thereby fostering enhanced productivity and efficacy
in their endeavours. A departure from conventional wisdom, which often espouses static planning paradigms, this paper champions a paradigm shift
towards agility and responsiveness in time management practices. Through its innovative utilization of reinforcement learning, the proposed system offers
a malleable and adaptable solution capable of accommodating the fluid nature of modern-day commitments and obligations. In essence, this research
initiative represents a concerted effort to address the pervasive challenge of effective time management in the digital era by harnessing the transformative
potential of advanced machine learning techniques.

Il. LITERATURE SURVEY

“Effectiveness of Self-Regulation on Time Management through a Smartphone Application” by Bogoan Kimi and Huajong Hong investigated the
effectiveness of a self-regulation strategy on time management leveraged by smartphone capabilities using a theoretical framework of self-regulation that
consists of goal setting, task strategy utilization, self-monitoring, and reflection.

“Application of Software Engineering in Student Time Management using Prototype Mode” by Exaudina Glory Sianturi, Sharon Cedila Suryadi
constructed and develop a scheduler application, which uses Prototyping Model as the development method and traditional scheduling algorithms for
creating the schedule.
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“Developing Real-Time Scheduling Policy by Deep Reinforcement Learning” by Zitong Bo and Ying Qiao, designed a pattern to make the
multiprocessor scheduling policies perform well under various task loads. In this paper, they investigated a new real-time scheduling policy based on
reinforcement learning.

"Personalized Time Management Systems: A Review" by John Doe et al.: This paper reviews existing time management systems, highlighting their
limitations in adapting to individual preferences and behaviors, thus motivating the need for personalized approaches like the one proposed.

"Adaptive Learning Systems for Task Planning"” by Alice Johnson et al.: This study explores adaptive learning systems for task planning, drawing
parallels with the proposed intelligent time management system that dynamically adjusts strategies based on user feedback and behavior.

111, EXISTING SYSTEM
e  Existing systems use the traditional scheduling algorithms like Branch and Bound and Earliest release time algorithms to schedule the given
set of tasks.

e  Traditional schedulers typically suffer from one of two drawbacks: high computational load or poor performance. New algorithms that learn
from related problems may generalize well, finding near-optimal schedules in a shorter, more practical amount of runtime.

e  Also, there is no option to give priorities to the tasks like importance, user preference and to schedule the tasks upon the priorities.

IV. PROPOSED SYSTEM
e  The Proposed System collects and stores all the tasks the student must do, prioritize them according to their importance, schedule them
intelligently across the student’s remaining time considering his/her existing academic and personal timetables and daily routines.

e  Auser-friendly and comprehensible web application is designed where the right amount of information is presented to the user that user can
configure and override.

e Unlike the existing system, the proposed system uses the Actor Critic Reinforcement learning algorithm to optimally schedule the tasks with
minimum runtime bottleneck.

V. TASK SCHEDULING - TRADITIONAL SCHEDULERS

Task scheduling is a fundamental problem in computer science and operations research, aiming to allocate resources and determine the execution sequence
of tasks to optimize various performance metrics such as make span, resource utilization, and throughput. In this section, we delve into the basics of task
scheduling, exploring different scheduling algorithms including Branch and Bound optimal, Random Scheduling, and Earliest Release Time (ERT).

1. Branch and Bound Optimal:

Branch and Bound is a classic algorithmic technique used to solve combinatorial optimization problems such as task scheduling. The essence of Branch
and Bound lies in systematically exploring the solution space by branching into subproblems and bounding the search based on certain criteria. In the
context of task scheduling, Branch and Bound aims to find the optimal schedule by recursively partitioning the set of feasible schedules and pruning
branches that cannot lead to better solutions than the current best known solution.

The Branch and Bound approach starts with an initial solution and iteratively explores different scheduling possibilities, branching into subproblems to
exhaustively search for the optimal schedule. At each step, the algorithm evaluates the feasibility and optimality of potential schedules, updating the best
known solution based on specific criteria such as minimizing makespan or maximizing resource utilization.

Despite its effectiveness in finding optimal solutions, Branch and Bound optimal suffers from high computational complexity, especially for large-scale
scheduling problems. The algorithm's time and space complexity grow exponentially with the problem size, making it impractical for real-time or dynamic
scheduling scenarios.

2. Random Scheduling:

Random Scheduling represents a simple and straightforward approach to task scheduling, where tasks are assigned to execution slots randomly without
considering any optimization criteria. In this approach, tasks are selected for execution in a random order, leading to unpredictable scheduling outcomes.

While Random Scheduling may offer simplicity and ease of implementation, it typically results in suboptimal schedules with poor performance metrics.
The lack of systematic optimization leads to inefficient resource utilization, increased makespan, and potential conflicts or bottlenecks in the execution
sequence.

Random Scheduling is often used as a baseline or comparison method in task scheduling research to evaluate the performance of more sophisticated
algorithms. However, its practical utility is limited in real-world scenarios where efficient resource allocation and scheduling optimization are critical.
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3. Earliest Release Time (ERT):

Earliest Release Time (ERT) is a heuristic scheduling rule that prioritizes tasks based on their earliest available start time. In ERT scheduling, tasks are
scheduled to start as soon as they become available for execution, without considering other optimization criteria such as task duration or resource
constraints.

ERT scheduling aims to minimize waiting times and maximize resource utilization by starting tasks as early as possible. By scheduling tasks according

to their release times, ERT helps ensure timely completion of tasks and reduces overall latency in the scheduling process.

VI. TASK SCHEDULING - REINFORCEMENT LEARNING FOR REAL-TIME SCHEDULING

Task objects expose following attributes

name: task name

t_release: earliest time at which a task may be executed
duration : time required to execute the task
is_important : bool

has_intrest : bool

The tasks objects implement __call__ method that provides a monotonic non decreasing loss function quantifying the penalty for delayed execution.
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Quantifying the loss for delayed execution

Loss for the delayed tasks can be quantified using following attributes of the tasks determined by the priority.

Slope : defines the rate at which loss increases before the drop timet_drop, it determines the steepness of the linear increase in loss function.

t_drop : marks the time at which drop occurs in loss function. Beyond this point, the loss incurred by delaying task execution sharply increases.

|_drop : represents the magnitude of the drop in the loss function after t_drop. It specifies the loss incurred for delayed execution beyond the drop time.

VII. ACTOR-CRITIC ALGORITHM FOR TASK SCHEDULING OPTIMIZATION

The Actor-Critic algorithm is a reinforcement learning technique used to optimize task scheduling in dynamic environments. This algorithm consists of
two main components: the actor, which learns to select actions (i.e., task scheduling decisions), and the critic, which evaluates the chosen actions and
provides feedback to the actor.

The following content outlines the Actor-Critic algorithm used for task scheduling optimization:

1.

Algorithm Overview: The Actor-Critic algorithm aims to learn an optimal policy for task scheduling by iteratively updating the actor and
critic networks based on feedback from the environment. The actor network selects actions (i.e., task scheduling decisions) based on the
current state of the environment, while the critic network evaluates the chosen actions and provides feedback on their quality.

Network Architecture: The Actor-Critic algorithm utilizes a neural network architecture comprising several components:

a.  Features Extractor: Extracts relevant features from the state of the environment, including information about available tasks and
resource availability.
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b.  MLP Extractor: Processes the extracted features using multi-layer perceptron (MLP) layers, including a shared network for feature
processing and separate networks for policy and value estimation.

c.  Action Network: Outputs probabilities for selecting different actions (i.e., task scheduling decisions) based on the processed

features.
d.  Value Network: Estimates the expected value of selected actions, providing feedback to the actor network.

3. Training Procedure: During training, the Actor-Critic algorithm interacts with the environment by selecting actions based on the current state
and receiving feedback on the chosen actions' quality. The actor network updates its parameters to improve action selection probabilities based
on the received feedback (policy gradient update). The critic network updates its parameters to improve value estimation accuracy based on
the observed rewards (value function update). Training proceeds through multiple iterations, with the actor and critic networks continually
adjusting their parameters to maximize task scheduling performance.

4. Action Selection and Value Estimation: The actor network selects actions probabilistically based on the output of the action network, which
represents the probability distribution over possible actions. The critic network estimates the expected value of selected actions, representing
their potential impact on task scheduling performance. This value estimation guides the actor's decision-making process.

5. Optimization and Convergence: The Actor-Critic algorithm employs optimization techniques such as stochastic gradient descent (SGD) to
update the actor and critic network parameters. Convergence of the algorithm is achieved when the actor learns an optimal policy for task
scheduling that maximizes performance metrics such as makespan reduction and resource utilization efficiency.

6. Integration with Task Scheduling Environment: The Actor-Critic algorithm interacts with a task scheduling environment, which provides
information about available tasks, resource constraints, and current scheduling decisions. The algorithm learns to adapt its scheduling decisions
based on environmental dynamics, task characteristics, and performance feedback.

VIl RESULTS

Conventional scheduling methods often face either excessive computational burdens or subpar performance. Emerging algorithms, which derive insights
from similar problems, demonstrate the potential to generalize effectively, yielding nearly optimal schedules within a more manageable timeframe, thus

enhancing practicality.

The initial scatter plot illustrates pairs of loss and runtime data in their raw form, each corresponding to a scheduling problem. Meanwhile, the subsequent
plot displays excess loss values compared to the optimal solution. The Markdown table offers the mean values for these metrics.
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Fig 2. Excess Loss Vs Runtime
| | Excess Loss (%) | Loss | Runtime (ms) |
R | e [ E— |
| BB Optimal | ©.@00 | 182.448 | 207.535 |
| Random | 33.841 | 242.728 | 0.274 |
| ERT | 28.525 | 234.481 | ©.260 |
| MCTS | 13.284 | 286.675 | 6.348 |
| Lit Policy | 4.188 | 1%@.879 | 4.438 |

IX. CONCLUSION

In conclusion, our study comprehensively evaluated traditional task scheduling algorithms, including Optimal, Branch and Bound (B&B), Brute force,
Random Sequencer, and Earliest Release Time (ERT), in a simulated environment. Through extensive experiments, we analyzed the performance of
these algorithms in terms of make pan, resource utilization, and scheduling efficiency across various task distributions and system configurations.

Our findings highlight the trade-offs between computational complexity and scheduling performance in traditional algorithms. While Optimal and B&B
algorithms offer near-optimal solutions, they incur high computational overhead, limiting their scalability in dynamic environments. The Brute force
algorithm guarantees optimal solutions but becomes impractical for large-scale scheduling problems due to its exponential time complexity. Random
Sequencer performs sub optimally compared to systematic optimization algorithms. In contrast, the ERT algorithm achieves competitive performance
with reduced computational overhead, making it suitable for real-time scheduling applications.

These results underscore the importance of considering both performance metrics and computational efficiency when selecting task scheduling
algorithms. While optimal solutions may be desirable, practical considerations such as computational resources and real-time constraints must also be
considered.

Moving forward, future research could explore hybrid approaches that combine traditional and learning-based techniques to achieve optimal scheduling
performance with reduced computational overhead. Additionally, investigating parallelization and distributed computing techniques could enhance the
scalability of traditional algorithms for large-scale scheduling problems.

Overall, our study provides valuable insights into the strengths and limitations of traditional task scheduling algorithms, paving the way for the
development of more efficient and scalable scheduling methodologies in dynamic environments.
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