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Abstract

Educational personalization represents a unique challenge for rec-
ommender systems: learners require not just content recommen-
dations, but dynamic curriculum adaptation, real-time feedback,
and proactive intervention strategies that evolve over extended
timescales. We present a novel multi-agent architecture that treats
educational personalization as an emergent property of special-
ized agent collaboration rather than a monolithic recommendation
model. Our framework deploys 18+ coordinated agents organized in
a four-tier hierarchy spanning perception, domain expertise, coordi-
nation, and strategic planning. Through deployment on a learning
platform serving 6,000+ active users, we demonstrate that hierar-
chical agent orchestration enables recommendation capabilities
unachievable by single-model approaches: parallel domain-specific
analysis, temporal stratification from millisecond feedback to multi-
month roadmap generation, and graceful degradation under partial
failures. We present the architectural principles, coordination proto-
cols, and preliminary evidence that agentic systems offer a promis-
ing paradigm for next-generation personalized learning systems.
Our work contributes both a concrete implementation blueprint and
theoretical foundations for applying multi-agent LLM orchestration
to complex recommendation domains beyond education.

CCS Concepts

«+ Information systems — Recommender systems; - Comput-
ing methodologies — Artificial intelligence; Multi-agent sys-
tems.

Keywords

Multi-Agent Systems, LLM Orchestration, Educational Recommen-
dations, Personalized Learning, Adaptive Systems, Agentic Al

1 Introduction

Recommender systems have traditionally focused on matching
users to items—products, movies, articles—based on historical pref-
erences and collaborative signals. Educational recommendation
presents fundamentally different challenges: learners don’t merely
consume content but actively transform through interaction with it.
A student struggling with recursion today may excel at it tomorrow,
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invalidating yesterday’s difficulty assessments. Unlike static item
catalogs, educational content must adapt to each learner’s evolving
knowledge state, learning velocity, and long-term career objectives.

Recent advances in Large Language Models (LLMs) have enabled
conversational tutoring systems [1,2,7,9], yet these predominantly
employ monolithic architectures where a single model attempts
to simultaneously maintain pedagogical strategies, assess learner
progress, generate personalized content, and predict future needs.
This architectural choice creates three critical limitations: (1) cog-
nitive overload as models struggle to balance competing objectives,
(2) absence of specialization preventing deep expertise in any single
recommendation facet, and (3) brittle failures where errors cascade
across the entire system.

We propose treating educational personalization as a multi-
agent coordination problem where specialized LLM-powered
agents collaboratively generate adaptive learning experiences. Draw-
ing inspiration from multi-agent systems research [10, 11], we ar-
chitect a four-tier hierarchy: perception agents continuously ob-
serve learner behavior, domain agents provide specialized expertise
in programming/system design/research, coordination agents or-
chestrate responses across domains, and strategic agents generate
long-term personalized roadmaps. Unlike traditional recommender
architectures, agents operate at different temporal scales—from
real-time syntax feedback (milliseconds) to career pathway recom-
mendations (months)—enabling true adaptive personalization.

Our contributions are threefold:

(1) Novel Architecture: A hierarchical multi-agent framework
for educational recommendation that decomposes the per-
sonalization problem into 18+ specialized agents with ex-
plicit coordination protocols.

(2) Implementation Evidence: Deployment results from a
production platform serving 6,000+ active learners across 5
career tracks, demonstrating emergent behaviors unachiev-
able by single-model systems.

(3) Design Principles: Generalizable architectural patterns for
applying agent orchestration to complex recommendation
domains requiring expertise specialization, temporal stratifi-
cation, and graceful degradation.

This work addresses the workshop’s call for agentic systems in
recommendation use-cases while providing concrete deployment
insights for LLM-driven personalization at scale.
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2 Related Work

2.1 LLM-Driven Personalization

Recent work has explored LLMs for personalized systems. Chudziak
and Kostka [1] demonstrated adaptive math tutoring using multi-
agent architectures with graph-based knowledge retrieval, while
Zhang et al. [2] simulated classroom interactions with LLM-empowered
agents that model teacher-student dynamics. Chu et al. [4] provided
a comprehensive survey of LLM agents in education, identifying key
capabilities including memory, tool use, and planning. Maity and
Kumar [5] explored generative AI's impact on intelligent tutoring
systems. Recent work on LLM-based agents [19-22] and multi-
agent frameworks [23-25] demonstrates sophisticated reasoning
capabilities. However, these systems primarily employ monolithic
models or loosely coordinated agents without explicit orchestration
hierarchies for educational recommendation.

2.2 Multi-Agent Recommender Systems

Classical multi-agent approaches to recommendation have explored
collaborative filtering with competing agents [11] and negotiation-
based preference learning [14,15]. Recent work on neuro-symbolic
frameworks [3] has begun integrating LLMs into agent architec-
tures for education, while general surveys on LLM-based agents
[27,28] highlight their potential across domains. However, compre-
hensive end-to-end hierarchical systems for educational personal-
ization deployed at scale remain unexplored. We contribute the first
fully-realized multi-tier agent architecture specifically designed for
adaptive educational recommendation.

2.3 Adaptive Learning Systems

Intelligent Tutoring Systems (ITS) have long pursued personal-
ization through knowledge tracing and adaptive instruction [30,
31]. Modern approaches increasingly leverage neural networks for
skill assessment and content sequencing [32], with meta-analyses
demonstrating their effectiveness [33]. Recent work emphasizes the
transformative potential of Al-powered personalized learning [7]
and the importance of learner choice in adaptive systems [6]. Stu-
dent simulation for conversational tutors [8] and broader discus-
sions on Al's evolution in education [9, 34, 35] highlight grow-
ing interest in agent-based approaches. Our contribution lies in
demonstrating that treating personalization as emergent agent
coordination—rather than centralized planning—enables capabili-
ties beyond traditional ITS architectures.

3 Problem Formulation

Educational recommendation differs from traditional item recom-
mendation in three fundamental ways:

Non-stationary User Models: A learner’s knowledge state
K; evolves continuously through interaction: K41 = f(Ky, It, Ry)
where I; represents learning interactions and R; represents sys-
tem responses. Traditional collaborative filtering assumes stable
preferences; educational systems must model transformation.

Multi-Objective Optimization: Educational recommendations
balance competing objectives: immediate understanding vs. long-
term retention, challenge vs. frustration prevention, breadth vs.
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depth. Single reward formulations inadequately capture this com-
plexity.

Temporal Stratification: Recommendations span multiple timescales

simultaneously—real-time feedback on code syntax (ms), lesson
sequencing (hours), skill progression (days), and career pathway
planning (months). Monolithic models struggle to reason coherently
across these scales.

We formulate educational personalization as a multi-agent se-
quential decision problem where specialized agents {Aj,...,Ap}
collaborate to generate adaptive experiences. Each agent A; main-
tains domain-specific expertise and observes different aspects of
the learner state. The coordination mechanism determines when
and how agents contribute to recommendations.

4 Multi-Agent Architecture

Our framework organizes agents into a four-tier hierarchy. We
describe each tier and its coordination mechanisms.

4.1 Tier 1: Perception Agents

Perception agents continuously monitor learner activity and gener-
ate behavioral insights:

e Behavioral Analytics Agent: Tracks session patterns, en-
gagement signals (time-on-task, revisit frequency), and learn-
ing velocity across topics.

o Error Pattern Miner: Analyzes mistake sequences to iden-
tify persistent misconceptions. For example, detecting re-
peated confusion between deep copy and shallow copy in
data structures.

o Affective Computing Agent: Infers emotional states from
interaction patterns—rapid topic switching may indicate frus-
tration, sustained focus suggests flow states.

These agents operate asynchronously, generating insights that
propagate to higher tiers without blocking the request-response cy-
cle. This design enables proactive recommendations before learners
explicitly request help.

4.2 Tier 2: Primary Domain Agents

Domain agents provide specialized expertise for different educa-
tional domains:

Code Analysis Agent: Evaluates programming submissions
across multiple dimensions. Delegates to sub-agents:

o Syntax Checker: Identifies language-specific errors
o Structure Analyzer: Assesses code organization, modularity
o Performance Analyzer: Evaluates algorithmic complexity

System Design Agent: Assesses architectural decisions for dis-
tributed systems. Sub-agents include:

o Scalability Evaluator: Analyzes bottlenecks, load patterns
o Tradeoff Analyst: Examines CAP theorem considerations
o Metrics Agent: Evaluates monitoring strategies

Research Agent: Supports academic writing and critical think-
ing with sub-agents for clarity checking and argumentation evalu-
ation.

The hierarchical structure (primary agent — sub-agents) en-
ables parallel execution while maintaining coherent domain-level
synthesis.
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4.3 Tier 3: Coordination Agents

The Central Coordinator serves as the orchestration hub:

(1) Intent Analysis: Classifies incoming learner queries to
determine required domains (e.g., “Why is my distributed
cache slow?” triggers both Code Analysis and System Design
agents).

(2) Contextual Routing: Routes requests to appropriate pri-
mary agents with learner history context.

(3) Response Aggregation: Synthesizes multi-agent outputs
into coherent feedback, resolving conflicts when agents dis-
agree.

(4) Adaptive Difficulty: Adjusts response complexity based on
accumulated learner model (novice vs. advanced).

The Quality Assurance Meta-Agent reviews all outputs before
delivery, checking for:

e Pedagogical soundness (no overwhelming detail for begin-
ners)

e Technical accuracy across domain boundaries

e Consistency with prior feedback

This meta-review layer enables graceful degradation: if a domain
agent produces flawed output, QA can request re-generation or
provide corrective context.

4.4 Tier 4: Strategic Agents

Strategic agents operate on longer timescales:
Roadmap Generator: Creates personalized multi-month learn-
ing paths by:

e Analyzing career objectives (e.g., “Machine Learning Engi-
neer”)

o Assessing current skill levels across 50+ technical competen-
cies

o Generating prerequisite-respecting skill graphs

e Recommending project sequences aligned with industry
standards

Prediction Agent: Forecasts learner trajectories:

e Dropout risk using engagement time-series analysis (72%
accuracy)

e Time-to-mastery estimates for upcoming skills

e Struggle area identification before failure occurs

Intervention Recommender: Generates proactive engagement
strategies:

o Personalized micro-lesson suggestions when progress stalls

o Difficulty adjustments to maintain flow state

e Gamification trigger recommendations based on motivation
profiles

Strategic agents don’t participate in real-time request processing
but periodically update the shared learner model that other tiers
consume.

4.5 Agent Communication Protocol

Agents communicate through structured JSON payloads enabling
explicit coordination. The protocol supports:

e Parallel Execution: Primary agents receive requests simul-
taneously, with sub-agents executing in parallel within each
domain.

e Context Preservation: Learner state propagates through
all agent interactions.

o Failure Isolation: Sub-agent failures don’t cascade; primary
agents aggregate available results.

5 Mining Agents and Insight Generation

Seven specialized mining agents collectively generate 50+ insight
types that feed the recommendation pipeline:

5.1 Pattern Discovery

Identifies recurring behavioral sequences across the learner popu-
lation and within individual learning trajectories. These patterns
inform recommendation strategies without requiring explicit rules.

5.2 Trend Analysis

Tracks temporal evolution at multiple granularities—platform-wide
trends and individual learner trajectories.

5.3 Predictive Analytics

Generates forward-looking recommendations including dropout
risk scores, completion probability estimates, and struggle area
predictions. The key innovation is closed-loop insight generation:
mining agents observe system behavior, generate insights, those
insights trigger recommendations, and the recommendation out-
comes feed back to mining agents.

6 Implementation and Deployment

We deployed this architecture on a production learning platform.

6.1 Technical Stack

e LLM Backend: GPT-4 powers primary and coordination
agents; GPT-3.5-turbo for sub-agents where lower latency is
critical

e Vector Store: Pinecone for semantic search across learning
materials and past interactions

e Orchestration: Custom Python framework managing agent
lifecycle and communication

e Learner Modeling: PostgreSQL storing skill graphs, en-
gagement timeseries, and error histories

6.2 Request Flow Example

Consider a learner query: “My distributed cache keeps returning
stale data” The coordinator analyzes intent and routes to Code Anal-
ysis and System Design agents. Each agent evaluates the query from
their domain perspective. The coordinator aggregates responses,
and the QA Meta-Agent verifies explanation complexity matches
learner level. This entire flow completes in 2-4 seconds with parallel
agent execution.

7 Preliminary Results

While comprehensive controlled evaluation is ongoing, we present
preliminary indicators from production deployment:
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Table 1: System Scale Metrics

Metric Value
Active learners 6,000+
Waitlist 2,000+
Agent count 18+
Primary domain agents

Specialized sub-agents 11
Mining agents 7
Meta-agents 1
Insight types generated 50+
Career tracks personalized 5
Real-world projects 8
Parallel sub-agent calls/query 2-5

7.1 Emergent Coordination Behaviors

Without explicit programming, we observe cross-domain collab-
oration, adaptive scaffolding, and proactive intervention. Mining
agents successfully trigger re-engagement strategies 48 hours be-
fore predicted dropout events.

7.2 User Engagement Metrics

Comparing pre- and post-agent-deployment cohorts:

Table 2: Engagement Impact

Metric Before  After
Avg. session duration 32 min 47 min
Questions/session 2.1 4.7
Return rate (week 2) 67% 81%
Project completion 43% 58%

These improvements suggest that specialized agent expertise
and proactive recommendations meaningfully enhance learning
experiences.

7.3 System Reliability

The multi-agent architecture demonstrates graceful degradation
with fallback mechanisms and quality assurance checks catching
8% of domain agent outputs needing refinement before delivery.

8 Discussion

8.1 Advantages of Agentic Orchestration

Our implementation reveals three key benefits: expertise specializa-
tion, temporal stratification, and failure isolation. Unlike monolithic
models, specialized agents develop deep domain expertise and op-
erate at appropriate timescales while containing failures.

8.2 Challenges and Limitations

Agent communication adds latency (2-4 seconds vs. 1 second for
monolithic models). Multiple agents must maintain coherent learner
models. Traditional recommendation metrics inadequately capture
educational outcomes. Coordinating 18+ agents requires carefully
designed prompts and communication protocols.
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8.3 Generalization Beyond Education

The architectural principles extend to healthcare (specialist med-
ical agents), financial planning (risk/tax/portfolio agents), career
coaching (skill-gap/culture/salary agents), and any domain requir-
ing expertise specialization, temporal stratification, and graceful
degradation.

9 Future Work

We identify five promising research directions: formal coordination
protocols, multi-objective optimization, explainability and trust,
lifelong learning agent architectures, and benchmark development
for measuring emergent coordination capabilities.

10 Conclusion

We presented a multi-agent architecture for educational person-
alization that treats adaptive learning as an emergent property
of specialized LLM agent collaboration. Our four-tier hierarchy
demonstrates that agentic orchestration enables recommendation
capabilities unachievable by monolithic models: parallel domain
analysis, temporal stratification, and graceful degradation.

Deployment on a platform serving 6,000+ learners provides pre-
liminary evidence that specialized agents coordinated through ex-
plicit protocols can meaningfully enhance learning experiences. Be-
yond education, the architectural principles generalize to complex
recommendation domains requiring coordinated decision-making
across multiple timescales and objectives. The future of recom-
mendation lies not in building larger monolithic models, but in
orchestrating specialized agents that collectively achieve what no
single model can.

11 Ethical Considerations

Deploying Al agents in educational contexts raises important con-
cerns around algorithmic bias, privacy, over-reliance, and trans-
parency. We continuously audit for disparate impact, encrypt all
learner data with explicit consent, design scaffolding that fades as
mastery grows, and work toward agent-coordination visualizations
that make decision-making processes interpretable.
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