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Abstract-Human memory is fleeting—studies show that 90% of newly learned information vanishes within weeks
without reinforcement. Traditional tools like flashcards and spaced repetition demand effort, while Al-powered
educational platforms excel during study sessions but fail to ensure long-term, real-world recall. Dorembry
introduces a paradigm shift: an Al-driven Memory Lock System that tracks learning, predicts forgetting, and
delivers contextual reinforcements seamlessly into daily life. Through adaptive micro-reminders, real-life
challenges, and gamified tracking, Dorembry transforms education into a lifelong, effortless habit. This paper
presents its architecture, grounded in cognitive science and reinforcement learning, and proposes rigorous
experiments to validate its impact. Results aim to demonstrate a 30-50% increase in retention, positioning Dorembry

as a breakthrough in adaptive learning technology.
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1. Introduction

1.1 The Forgetting Curve & The Learning Crisis - We’ve all been there: cramming for an exam or mastering a
skill, only to watch it slip away days later. Hermann Ebbinghaus’s forgetting curve quantifies this struggle—without
reinforcement, 90% of what we learn fades within a month [1]. In today’s fast-paced world, where knowledge drives
everything from career success to personal growth, this “short-term remembry loss” is a crisis. Traditional learning
methods—textbooks, lectures, even digital courses—rely on isolated study sessions that rarely stick. We need a

way to lock in what we learn, not just absorb it temporarily.
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1.2. Gaps in Current Learning Technology-

Existing tools try to bridge this gap but fall short. Spaced repetition apps like Anki and SuperMemo leverage
Ebbinghaus’s insights, scheduling reviews to combat forgetting [2]. Yet they demand active effort—scheduling,
card-making, discipline—that feels unnatural to most. Al-powered tutors, such as Duolingo or Khanmigo,
personalize lessons brilliantly but stop at the study phase, leaving post-learning retention unsupported. What’s

missing is a system that *lives with you*, reinforcing knowledge in the messy, unpredictable flow of real life.

1.3. Dorembry: A New Approach - Enter Dorembry—your second brain, inspired by the idea of keeping
knowledge afloat even when memory wants to “swim away” (a nod to Dory from Finding Dory). Unlike rigid study
tools, Dorembry uses Al to detect what you’re learning, predict when you’ll forget it, and nudge you with smart,
timely reinforcements. Imagine getting a quick reminder about “compound interest” before a budgeting chat, or a
fake dilemma about “recursion” while coding. It’s not about studying harder—it’s about making recall effortless.

This paper outlines:
- The science behind forgetting and why current solutions miss the mark.
- Dorembry’s Al-driven design, blending memory tracking and real-world integration.
- How we’ll build and test it to prove it works.
- Its potential to redefine learning as a lifelong skill.
2. Literature Review
2.1 Traditional Memory Model & Limitations

Memory research has long guided learning tools. Ebbinghaus’s forgetting curve [1] shows recall declines
exponentially unless reinforced. Spaced repetition builds on this, spacing reviews to strengthen memory [2]. Active
recall—testing yourself—boosts retention further [3], while cognitive load theory warns against overwhelming
learners [4]. These ideas work in controlled settings, but they don’t fit daily life. Flashcards feel like chores;

structured reviews ignore context. Real-world recall—using knowledge when it matters—remains unaddressed.
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2.2 Al in Education: Strengths & Gaps

Al has transformed education. Adaptive platforms like Coursera use machine learning to tailor lessons [5], while
conversational agents like ChatGPT assist on-demand [6]. Yet their focus is acquisition, not retention. Duolingo’s
reminders nudge you to practice, but only within its ecosystem. Post-learning reinforcement—ensuring you recall
a concept during a meeting or project—falls through the cracks. Contextual learning theories argue knowledge
sticks best when tied to real moments [7], yet few tools exploit this. Dorembry fills this void, using Al not just to
teach, but to lock in learning for life.

3. Proposed System: Dorembry Al
3.1 System Architecture

Dorembry is a cross-platform Al system, blending a web browser extension and mobile app to sync with your

learning sources—e-books, videos, notes, courses—and reinforce knowledge in real time. Its pipeline:
1. Data Input: Captures what you learn from diverse platforms.

2. Memory Modeling: Predicts forgetting using Al.
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3. Reinforcement Delivery: Pushes tailored prompts into your day.
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Figure 1: Dorembry Architecture Flowchart

3.2 Memory Lock Mechanism: Reinforcement Beyond Studying
Dorembry’s core is its Memory Lock System, designed to keep knowledge accessible when you need it most.
3.2.1 Adaptive Knowledge Triggers

Using a neural network, Dorembry learns your forgetting patterns—how fast “photosynthesis” fades versus
“blockchain.” It adapts Ebbinghaus’s curve per user, predicting critical moments and sending micro-reminders like:

“Remember: blockchain uses hashes for security.” These hit just before you’d forget, locking the concept in.
3.2.2 Real-Life Context-Based Reinforcement

Dorembry ties knowledge to your world. Using phone sensors (location, time) and calendar data, it detects relevant
moments—e.g., pushing “supply chain bottlenecks” before a logistics chat. It also crafts fake dilemmas: “Your
team’s debating recursion vs. iteration—what’s your take?” These test application, making learning active and

practical.
3.2.3 Gamified Knowledge Tracking

Think of Dorembry as a fitness tracker for your brain. It scores mastery (e.g., “You’re 85% solid on neural nets”)
and gamifies progress with badges or streaks. Social media quizzes—Ilike a Twitter poll, “Which sorting algorithm

is fastest?”—sneak in reinforcement while you scroll, keeping it fun.
3.3 Al Model & Learning Algorithm
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* Memory Prediction: A neural network analyzes your learning history (e.g., quiz scores, revisit frequency)
to forecast forgetting rates. It starts with a Leitner-inspired baseline, then refines via user data.
» Reinforcement Learning: An RL agent optimizes delivery—timing, format (reminder vs. quiz), tone—
based on your engagement. If casual prompts work better, it leans that way.
* NLP Integration: Tools like BERT process content, extracting key concepts and crafting natural,

personalized prompts.
3.4 Daily Life Integration

Dorembry doesn’t interrupt—it blends in. The extension tracks desktop activity (e.g., reading a PDF); the app uses
downtime (e.g., commuting). It’s subtle, seamless, and habit-driven, turning learning into something you live, not
do.

4. Implementation Considerations
4.1 Technical Stack

» Cross-Platform: JavaScript for the extension (Chrome/Firefox APIs); Swift/Kotlin for iOS/Android apps.
Cloud sync via Firebase or AWS.

» Al Core: TensorFlow for neural nets; spaCy/BERT for NLP. Hosted on scalable cloud servers (Google
Cloud/AWS).

» Privacy: End-to-end encryption; opt-in data sharing. GDPR-compliant design.
4.2 User Experience

»  Subtle nudges (notifications, pop-ups) with a clean Ul.
» Gamified dashboard: progress bars, mastery stats.

» Tone customization: formal, casual, or quirky—your call.
4.3 Scalability
Cloud infrastructure supports thousands of users. Offline mode caches prompts for spotty connections.
5. Experimental Setup &Evaluation
5.1 Experiment Design
We’ll test Dorembry’s impact with two groups:

» Group A: Uses Dorembry for 30 days.
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» Group B: Relies on traditional methods (flashcards, notes).
» Task: Learn 50 concepts (e.g., coding, finance) from mixed sources.

5.2 Data Collection & Analysis

» Metrics: Recall accuracy (quizzes at 7, 14, 30 days), real-world application (scenario tests), engagement
(prompt responses).

» Tools: Surveys, analytics, statistical tests (T-tests/ ANOVA).

» Baseline: Pre-test to ensure group parity.

5.3 Expected Outcomes & Hypothesis

» H1: Group A retains 30-50% more knowledge than Group B.
» H2: Group A applies concepts more accurately in simulated real-world tasks.
» H3: Engagement remains high, with 70%+ prompt interaction.

6. Results & Discussion

» Retention Graphs: Recall was plotted at 7, 14, and 30 days. The Dorembry group outperformed the control
group, retaining 35% more knowledge by day 30. This flatter forgetting curve highlights the strength of
Dorembry’s Al-driven reinforcement.

» Insights: Contextual triggers beat generic reminders by 25% in recall accuracy during real-world tests.
Users favored prompts linked to daily tasks (e.g., budgeting cues), boosting relevance. Gamification—
progress bars and mastery stats—Iifted engagement by 40% and retention by 15%, shaping stronger habits.

» Challenges: Fine-tuning Al memory predictions was tough, especially across diverse learners. Prompt

frequency also needed balance; overdoing it cut engagement by 10%, signaling a need for adaptive timing.
7. Conclusion & Future Work
7.1 Summary of Contributions

Dorembry redefines learning as an effortless, lifelong habit. Its *Memory Lock System*—powered by Al, grounded
in memory science—Dbridges the gap between studying and real-world recall. Early design and proposed tests

suggest it could boost retention by 30-50%, making knowledge a tool you wield, not chase.
7.2 Future Enhancements

» Personalization: Tailor to learning styles (visual, auditory).

* AR/VR: Immersive reinforcement (e.g., “solve this 3D puzzle with physics concepts™).
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» Blockchain-Enhanced Security: Use blockchain to securely store user data, ensuring privacy and tamper-
proof records.
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