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Abstract: The modern student and professional is constantly facing difficulties in managing their work, learning new concepts, 
tracking their habits, and effectively managing their day-to-day activities. However, the conventional productivity apps only offer 
static tools that do not incorporate the concepts of personalization, flexibility, and intelligence required for the modern student 
and professional. In this regard, a new AI-based personal productivity, learning, and life management system named Geoid is 
proposed. 
The system will incorporate Large Language Models, Spaced Repetition Learning, and Personalized Analytics for the 
automation of cognitive activities. In this research, the design, methodology, features, challenges, and future scope of the Geoid 
system will be discussed. In addition, the system will be evaluated based on the recent literature review on AI-based productivity 
systems, self-tracking, spaced repetition, and knowledge assistants from the year 2020 to 2025. 
Keywords: Productivity Systems, Learning Technologies, AI Assistants, Spaced Repetition, Personal Knowledge Management 
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I.   INTRODUCTION 

A. Background 
Digital productivity tools have become indispensable in academic, professional, and self-improvement situations. Given the rise in 
workloads coupled with the cognitive demands, the need for tools that not only store information but also aid the user in processing, 
learning, remembering, and acting on the information is critical. However, the current state of productivity tools, including Notion, 
Todolist, and Obsidian, is good for the interface but lacks the intelligence, automation, and adaptiveness required for a smart assistant. 
The recent breakthroughs in behavioral analytics, LLMs, and mobile computing have created a new avenue for smart personal 
assistants. 

 
B. Need / Motivation 
The motivation for the creation of this system comes from the practical limitations and psychological effects of managing one’s life, 
which limit the ability to make plans effectively: 
1) Cognitive Load and Decision Fatigue: The conventional approach to a planning system requires the user to make a significant 

cognitive effort when making decisions. The individual is required to constantly balance immediate deadlines with long term 
goals, which usually leads to decision fatigue and the tendency to do the easiest task at hand. 

2) The “Balance” Fallacy: The conventional approach to balancing academics, profession, and health is usually seen as a scheduling 
problem. However, the issue is usually the amount of energy the individual has. There is a need for a system that addresses the 
issue of core-level stability as a prerequisite for achieving mantle-level growth. 

3) Inefficiency of Manual Learning Management: The conventional approach to managing study material is inefficient. An 
individual usually spends too much time on what they already know and too little on what they do not. Although Spaced 
Repetition Systems exist, they are usually not integrated with the individual’s schedule. 

4) Lack of Semantic Context: Many conventional productivity tools are “dumb” databases that cannot make any inferences 
regarding the effect of a decrease in the quality of sleep on quiz performance. This is a significant motivation for the creation of 
AI-generated content. 
 

C. Existing Work 
The domain of automated scheduling and personal optimization has seen tremendous growth with the following developments: 
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1)  Spaced Repetition Optimization: Through studies conducted by Tabibian et al. (2019) and Reddy et al. (2016), the conventional 
spaced repetition algorithm has been advanced with continuous time models using stochastic differential equations. 

2) Human-in-the-Loop Scheduling: Studies such as the hybrid approach used in "Calendar. Help" proposed by Microsoft (Cranshaw 
et al., 2017) highlight the role of AI in negotiating schedules with the user. 

3) Student Modeling: DAS3H is the state-of-the-art student modeling approach proposed by Choffin et al. (2019), which includes 
the effect of forgetting. 

4) Data Visualization: Alshehhi et al. (2022) emphasized the need for data interpretation from personal informatics data instead of 
merely relying on the data itself. 

 
D. Drawbacks of Current Systems 
Despite advances in optimization, existing methods possess essential shortcomings: 
1) Fragmentation: Optimization methods used in learning-related problems [1] are not often used in scheduling personal life. 
2) Static methods: Most scheduling methods use static methods, which do not consider dynamic factors such as flare-ups in health 

conditions [7]. 
3) Sparse data: Academic data does not often include facial expressions of daily life. 
 
E. Proposed Approach: Geoid 
The system that is proposed is named Geoid, which replaces the flat structure of tasks with a hierarchical structure based on 
geological layers. It utilizes the Google Gemini API for unstructured data parsing, which provides deep insights according to the 
study [9]. Thus, the system combines the concepts of spaced repetition for memory retention with constraint satisfaction scheduling 
for time management. 

 
II.   FUNDAMENTALS OF PERSONAL GROWTH 

To understand the operational logic of Geoid, one must establish the fundamental principles upon which it is built. These principles 
span the geology-inspired taxonomy of the system, the cognitive 
A. Basics of The Earth-Layer Framework 
The "Earth-layer framework" is a prioritization topology that adds a dimension of Foundational Dependency to standard 
urgency/importance matrices. 
The Core (Physiological and Existential Foundation): Represents the user's physiological stability (sleep, health) and urgent crises. 
The fundamental principle is Homeostasis. If the Core is unstable, the system limits resource allocation to the Mantle, enforcing 
recovery [10]. 
The Mantle (Transformative Layer): The layer of Transformation and "Deep Work." It houses skill acquisition and long-term 
projects. The governing principle is Accumulation; progress here requires consistent energy investment, available only when the 
Core is stable. 
The Crust (Surface Execution): Represents Maintenance and routine tasks (chores, emails). The principle here is Efficiency. The 
goal is to minimize energy spent in the Crust to maximize resources for the Mantle. 

 
B. Basics of Spaced Repetition and Memory Dynamics 
A key function of the "Mantle" layer is knowledge acquisition. Geoid integrates Spaced Repetition Systems (SRS) grounded in the 
Ebbinghaus Forgetting Curve. 
The Spacing Effect: Information is better retained when reviews are spaced out. Each successful retrieval flattens the forgetting 
curve [1, 4]. 
Algorithmic Optimization: Tabibian et al. (2019) demonstrated that optimal review schedules maintain user recall probability just 
above a threshold using stochastic differential equations [1]. Geoid implements this dynamic approach, further optimizing it by 
observing "Core" fatigue levels. 
 
C. Basics of AI-Driven Scheduling 
Geoid functions as an automated scheduler using AI to solve Constraint Satisfaction Problems (CSP). 
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Constraint Satisfaction: The system assigns tasks to time slots subject to hard constraints (deadlines) and soft constraints 
(preferences). 
Agentic Interaction: Drawing from "Calendar.help" [8], Geoid employs an agentic model where the AI proposes schedules based on 
semantic understanding, but the user provides final validation.  

 
D. Gamification and Motivation 
To drive adherence, Geoid employs Gamification layered on Self-Determination Theory (SDT). By visualizing "Mantle" progress 
via XP and Levels, the system signals Competence, providing the intrinsic motivation necessary for long-term engagement. 
 

III.   LITERATURE SURVEY 
The construction of Geoid was guided by a wide variety of research works from computational optimization, cognitive psychology, 
and human-computer interaction. The discussion that follows identifies ten key works that are related to Geoid. 
Cranefield, J., et al. (2022) investigated the integration of digital productivity assistants in workplace environments. Their study 
shows that trust, transparency, and alignment with user mental models are critical factors for user acceptance of AI tools. The 
authors demonstrate that AI assistants must provide explainable insights and allow for user override to be truly effective partners in 
productivity, rather than just passive tools [1]. 
Yu, H., Miao, C., et al. (2019) proposed an ethically aligned opportunistic scheduling model dubbed "Productive Laziness." Their 
study demonstrates that optimizing work schedules around personal energy levels can achieve high task completion rates with 
reduced effort. The results showed that personalized work-rest cycles significantly improve sustainable productivity without leading 
to burnout, validating the need for energy-aware scheduling algorithms [2]. 
Song, J., Ashktorab, Z., et al. (2025) introduced Togedule, a system utilizing Large Language Models for adaptive meeting 
scheduling. Their work demonstrated that LLMs can effectively interpret complex, unstructured group availability constraints to 
reduce the cognitive load of scheduling. The study showed that adaptive representations significantly speed up decision-making 
compared to static calendar views, highlighting the potential of LLMs in personal planning [3]. 
Pan, S. C., and Rickard, T. C. (2022) investigated the efficacy of user-generated versus premade digital flashcards for learning. 
Their study shows that learners who generate their own content exhibit significantly better retention compared to those using pre-
filled decks. The authors demonstrate that the active process of creating study materials is a crucial component of the learning 
process, supporting the implementation of customizable templates in learning applications [4]. 
Feng, S., Wong, Y. K., and He, J. (2021) conducted a systematic review of self-tracking and quantified-self technologies for health 
promotion. Their study highlights that while self-tracking improves self-reflection, it often leads to tracking fatigue and data 
overload when users are presented with raw metrics. The authors emphasize the need for systems that translate complex data into 
actionable behavioral insights to sustain long-term well-being [5]. 
Tabibian et al. (2019) proposed a novel framework for spaced repetition optimization using stochastic differential equations. Their 
study shows that modeling memory retention as a continuous process allows for more efficient review scheduling than traditional 
fixed-interval heuristics like the Leitner system. The results demonstrated that this algorithmic approach maintains high recall 
probabilities with fewer reviews, optimizing the learning curve for long-term knowledge retention [6]. 
Cranshaw et al. (2017) introduced Calendar.help, a workflow-based scheduling agent that integrates human intelligence with AI 
automation. Their work demonstrated that a "human-in-the-loop" approach allows the system to handle complex and unstructured 
constraints that purely automated systems fail to process. The study showed that users have higher trust and satisfaction when they 
retain final oversight of the AI's proposed schedules, supporting an agentic rather than fully autonomous model [7]. 
Abdelrazek, M., et al. (2022) investigated the visualization challenges in personal informatics dashboards. Their study shows that 
users frequently struggle with "data voids" and complex graphical representations that fail to convey immediate meaning or context. 
The authors suggest that simplified, actionable visualizations are essential for preventing abandonment and ensuring that users can 
derive value from their tracked data [8]. 
Dizon, G., and Tang, D. (2017) explored the comparative effectiveness of intelligent digital assistants versus paper flashcards for 
vocabulary acquisition. Their study demonstrates that digital tools encourage more frequent study sessions during short periods of 
downtime, such as commuting or waiting. The results showed that this utilization of "dead time" leads to higher cumulative 
engagement, validating the mobile-first approach for modern learning tools [9]. 
Alshehhi, Y. A., et al. (2022) surveyed the needs and challenges associated with mHealth tracking applications. Their work 
highlights a critical disconnect where health data is often isolated from the user's broader life context.  
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The authors demonstrate that for tracking to be effective, systems must integrate physiological metrics with daily productivity and 
lifestyle context to provide holistic and actionable guidance [10]. 

IV.   CHALLENGES 
The implementation of a system as comprehensive as Geoid requires the tackling of many significant technical and theoretical 
hurdles. 
 
A. Data Limitations and Cold Start 
The efficiency of the Geoid AI system depends on the quality of the provided data. Sophisticated AI models, like the DAS3H 
system [2], require historical data for proper convergence. The cold start problem is a problem faced by new users. Geoid mitigates 
this issue by using heuristic parameters during the first period. In addition, as suggested by Abdelrazek et al. [7], the presence of 
voids in the data, which translates to a lack of logs, could interfere with the efficiency of the AI system. Geoid utilizes the Gemini 
API to make educated guesses on the value of the missing data based on the surrounding context. 
 
B. Real-World Stochasticity 
Human life is generally a stochastic process. In the words of Reddy et al. [3], the presence of a queuing system could lead to a phase 
transition, where a small increase in the system’s load could result in a catastrophic build-up. A schedule that is fully efficient is 
bound to fail. Geoid needs to maintain some slack in the system to cater to the stochastic nature of the real world without 
compromising the trust placed in the system by the end-user. 
 
C. Context and Sentiment Analysis 
Productivity is sometimes a function of micro-expressions that reflect the end-user’s mood. Although the Geoid AI system analyzes 
the journal entries [9], the AI system could misinterpret the end-user’s status based on the presence of sarcasm.  
 
D. Ethical and Privacy Concerns 
The Panopticon effect could be counterproductive. In addition, the use of the cloud-based Gemini API could raise sovereignty 
issues. Geoid needs to balance the efficiency of the AI system with the privacy requirements of the end-user. 
 

V.   METHODOLOGY
The development methodology for the Geoid system is based on a robust five-stage approach. Each phase is designed to ensure the 
robustness, scalability, and user-friendliness of the system. The five phases are as follows: 
1) Research and Framework Design Phase: The first phase is dedicated to the design of the “Earth Layer Model” (Core, Mantle, 

Crust) and the design of the AI system integration logic. In addition, the research phase includes the identification of the 
requirements for the productivity tools that the system will provide to the end-user, along with the identification of the 
corresponding geological layers.

2) UI/UX Design Phase: In the second phase, the system design is focused on the creation of a user-friendly interface. The design 
principles for the system are based on the minimization of cognitive overload during the entry of information, along with the 
creation of a dashboard for displaying the results in a format that is easily interpretable by the end-user. 

3) Backend and AI Integration Phase: In the third phase, the system is developed to connect the data models with the “Geoid 
Computation” system. In addition, the integration of the Google Gemini API is included for the purpose of conducting semantic 
reasoning. Furthermore, the system is developed to perform the logic for task validation and spaced repetition scheduling. 

4) Testing and Optimization Phase: In the fourth phase, the system is tested for the accuracy of the provided information. In 
addition, the system is tested for its efficiency on different devices. Moreover, the AI system is tested for the accuracy of the 
provided suggestions compared to the inputs provided by the end-user. 

5) Documentation and Analysis Phase: In the fifth and final phase, the research is compiled, the system is documented, and the 
final presentation is prepared to evaluate the system’s efficiency based on the initial requirements. 
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VI.   SYSTEM ARCHITECTURE 

 
Fig.1 

 
The system employs a data processing pipeline that is based on modularity. Here, the user’s input from the interface is validated and 
processed using the Geoid Computation engine. The engine interacts with hybrid storage solutions to provide personalized insights 
to the user in the form of analytics graphs. 
 

VII.   FUTURE SCOPE 
The current version of Geoid represents a robust approach, yet the intersection of artificial intelligence and biotechnology suggests 
that there are possible avenues for future research. 
1) Real-Time Biometric Integration: The current version of Geoid relies on self-reported information. However, future iterations 

of Geoid should incorporate wearable application programming interfaces to allow for real-time biometric information (heart 
rate variability, etc.) to allow for autonomous activation of a "Recovery Mode" when Core stability falls. 

2) Privacy-Preserving Edge AI: In terms of addressing privacy concerns, future research on Geoid should explore the use of Small 
Language Models (SLMs) to reduce reliance on cloud-based APIs. 

3) Longitudinal Behavioral Analysis: Future research on Geoid should evaluate whether there are higher levels of goal attainment 
for users who utilize Geoid as a behavioral intervention.  

 
VIII.   CONCLUSION 

The management of modern human life calls for a strategic framework that is capable of countering the entropy inherent in the 
digital age. The framework developed in the present report provides such a framework through the unification of the geological 
concept of Core, Mantle, and Crust with the computational power of modern artificial intelligence technology. 
The framework developed in the present report provides a vocabulary for prioritization through the systematic differentiation 
between the urgent (Core), the transformative (Mantle), and the routine (Crust). The unification of Geoid AI provides a semantic 
understanding of the constraints imposed by the users themselves [9], while the unification of Spaced Repetition Algorithms [1] 
provides the basis for the optimization of human cognition. Geoid provides a solution to the gaps identified in the literature through 
the alignment of daily life with a stratified hierarchy of human needs. 
                                          

REFERENCES 
[1] Cranefield, J., et al. (2022). Partnering with AI: the case of digital productivity assistants. European Journal of Information Systems, 31(6), 661–682. 
[2] Yu, H., Miao, C., et al. (2019). Ethically Aligned Opportunistic Scheduling for Productive Laziness. Proceedings of the AAAI Conference on Artificial 

Intelligence, 33(01), 2568–2575. 
[3] Song, J., Ashktorab, Z., et al. (2025). Togedule: Scheduling Meetings with Large Language Models and Adaptive Representations of Group Availability. 

Proceedings of the CHI Conference on Human Factors in Computing Systems. 
[4] Pan, S. C., & Rickard, T. C. (2022). User-Generated Digital Flashcards Yield Better Learning Than Pre-Made Flashcards. Journal of Applied Research in 

Memory and Cognition, 11(2), 229–242. 
[5] Feng, S., Wong, Y. K., & He, J. (2021). How Self-Tracking and the Quantified Self Promote Health and Well-Being: Systematic Review. Journal of Medical 

Internet Research, 23(1), e25171. 
[6] Tabibian, B., et al. (2019). Enhancing human learning via spaced repetition optimization. Proceedings of the National Academy of Sciences, 116(10), 3988–

3993. 



International Journal for Research in Applied Science & Engineering Technology (IJRASET) 
                                                                                           ISSN: 2321-9653; IC Value: 45.98; SJ Impact Factor: 7.538 

                                                                                                                Volume 14 Issue IV Apr 2026- Available at www.ijraset.com 
    

 
1570 ©IJRASET: All Rights are Reserved | SJ Impact Factor 7.538 | ISRA Journal Impact Factor 7.894 | 

 

[7] Cranshaw, J., et al. (2017). Calendar. Help: Designing a workflow-based scheduling agent with human-in-the-loop. CHI Conference on Human Factors in 
Computing Systems, 2382–2393. 

[8] Abdelrazek, M., et al. (2022). Self-tracking visualization challenges in personal informatics: A systematic review. Sensors, 22(14), 5182. 
[9] Dizon, G., & Tang, D. (2017). Intelligent personal assistants: Digital vs. paper flashcards. The EuroCALL Review, 25(2), 1–13. 
[10] Alshehhi, Y. A., et al. (2022). Needs and challenges in mHealth tracking apps: A survey. International Journal of Environmental Research and Public Health, 

19(19), 12633. 
  



 


