Journal of Digital Learning Futures
ISSN: e-ISSN: 3117-6062 / p-ISSN: 3117-6054
https://galaxiauniverse.com/index.php/JDLF/issue/archive

Microservices-Based Learning Platforms for
Adaptive Education

Lea Costal

1 Research Scientist, School of Data Science, Central European Tech University, Vienna, Austria. Email:
lea.costal27@yahoo.com | ORCID: 2742-6366-6253-6721

ABSTRACT

Adaptive education platforms -- which personalise learning pathways, content difficulty, and instructional modality based
on individual learner models -- require software architectures that support the simultaneous operation of heterogeneous
Al components (knowledge tracing models, recommendation engines, adaptive assessment systems, and real-time
feedback generators) alongside traditional LMS functions. Monolithic LMS architectures cannot support this
Al-augmented adaptive stack without significant coupling between educational Al services and core platform
functionality. Microservices decomposition enables independent development, deployment, and scaling of each adaptive
component while maintaining integration via well-defined APIs. This paper proposes the Microservices Adaptive Learning
Architecture Framework (MALAF), a systematic design and evaluation of a microservices architecture specifically
optimised for adaptive education platforms. MALAF decomposes the adaptive learning platform into 14 microservices
across five functional domains -- learner modelling, content management, adaptive delivery, assessment, and analytics --
and evaluates the architecture on three quality attributes: adaptivity responsiveness, scalability, and developer agility,
across 18-month deployment at two adaptive learning institutions. Key results: MALAF achieves 94 ms mean adaptive
recommendation latency (< 100 ms SLA target); independent service deployment reduces new Al feature delivery time
from 6.4 weeks (monolith) to 1.2 weeks; 99.96% availability at 40,000 concurrent users. The framework contributes a
reusable microservices blueprint for adaptive education platform architects.
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1. Introduction

1.1 The Architectural Challenge of Adaptive
Education Platforms

Modern adaptive education platforms combine
traditional LMS functionality (course content,
assignment management, gradebook, discussion
forums) with Al-driven adaptive components:
knowledge tracing models that continuously
estimate learner mastery, recommendation
engines that select next content or practice
problems, adaptive assessment systems that adjust
question difficulty, and real-time feedback
generators that explain errors in natural language.
This combination creates unique architectural
demands: Al components require access to learner
interaction streams in real time, must return
recommendations within 100 ms (before the
learner's next click), and need to be independently
updatable as Al models improve without disrupting
the core platform. Commercial adaptive learning
platforms (Khan Academy, Duolingo, Carnegie
Learning, Squirrel AI) have largely built
proprietary architectures over years of
incremental development. Academic and
institutional platforms lack architectural
blueprints for building adaptive education
platforms from the ground up with microservices.
MALAF provides this blueprint: a complete
14-service microservices architecture for adaptive
education, evaluated through 18-month
deployment at two European adaptive learning
institutions.

1.2 Contributions and Paper Structure

MALAF contributes: (1) a 14-microservice
reference architecture for adaptive education
platforms; (2) API design patterns for adaptive

learning service integration; (3) 18-month
deployment evaluation on adaptivity
responsiveness, scalability, and developer agility;
(4) an open-source microservices blueprint.

Section 2 reviews microservices for educational
platforms. Section 3 presents MALAF. Section 4
reports deployment results. Section 5 discusses.
Section 6 concludes.

2. Background: Microservices for Learning
Platforms

2.1 Microservices Principles and Educational
Applications

Microservices architecture (Fowler and Lewis,
2014) decomposes applications into small,
independently deployable services each owning a
bounded context (a specific domain capability with
its own data store). Key principles applicable to

learning platforms: (1) Single responsibility -- each
service implements one educational function
(knowledge tracing, content recommendation,
assessment scoring); (2) API-first design -- all
service interactions via documented REST or
gRPC  APIs, enabling independent client
implementation and testing; (3) Data isolation --
each service manages its own data store,
eliminating shared database coupling that
prevents independent deployment; (4) Failure
isolation -- a failing recommendation service does
not cascade to core content delivery (circuit
breaker pattern). Prior educational platform
microservices work: Balasubramanian et al. (2018)
decomposed Moodle into 6 microservices; Trestian
et al. (2020) proposed a microservices API for
adaptive LMS; neither addressed AI component
integration or adaptive recommendation latency
requirements.

2.2 Adaptive Education Service Patterns

Three service communication patterns are critical
for adaptive platforms. Synchronous
recommendation (REST/gRPC): learner client
requests next content -> API gateway routes to
recommendation service -> recommendation
service queries knowledge tracing service (gRPC,
< 10 ms) -> returns recommendation within 100
ms SLA. Requires tight latency budgets across
service chain. Asynchronous model update (event
streaming): learner interaction event published to
Kafka -> knowledge tracing service consumes
event -> updates learner model asynchronously
(does not block learner UX). Batch analytics
(scheduled): analytics service reads from event log
on schedule (hourly/daily); generates cohort-level
insights; no  real-time requirement. The
combination of synchronous recommendation (for
immediacy), asynchronous model update (for
accuracy without blocking), and batch analytics
(for cost efficiency) defines the MALAF
communication architecture. Table 1 summarises
the 14 MALAF microservices.

Table 1: MALAF 14-Microservice Architecture
-- Five Functional Domains
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6,000 learners, compliance training): 12-service
MALAF (excluding plagiarism detection and video
streaming). Three quality dimensions evaluated.
(Q1) Adaptivity responsiveness: end-to-end
recommendation latency p99; KT model update lag
(event published -> model updated); feedback
generation latency. (Q2) Scalability: peak
concurrent users at SLA; service-level resource
utilisation during peaks. (Q3) Developer agility:
mean time from feature commit to production
deployment; number of independent deployments
per month; mean time to recovery (MTTR) from
service failure.

Table 2: MALAF Evaluation Dimensions and
18-Month Deployment Specifications

Quality Metric Target Instituti Instituti
Dimensi on P on Q
on
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Q3 Mean <2 1.2 1.4
Agility feature weeks weeks weeks

deploy

time
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Agility ent deplo
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month
Q3 Mean < 15 min | 8.2 min 6.8 min
Agility time to

recovery
4. Results

4.1 Adaptivity Responsiveness Results

Recommendation latency (end-to-end, p99):
Institution P achieves 94 ms mean (p99 = 168 ms
during exam peaks); Institution Q 88 ms mean
(p99 = 142 ms). Both within 100 ms SLA mean
target. The Redis caching of learner knowledge
state (cache hit rate 84.2%, TTL 5 min) is critical:

cache miss recommendation latency = 284 ms
(above SLA) vs. cache hit 72 ms. Recommendation
Service Kubernetes HPA maintains < 100 ms
through exam peaks by scaling from 4 to 28 pods
within 42 seconds of demand spike (Institution P
midterm exam: 8,400 concurrent learners x 0.4
recommendation requests/minute = 56
recommendations/second peak rate). KT model
update lag: Kafka consumer group processes
learner interaction events with 8.4-second mean
lag (Institution P) -- within the 30-second target;
DKT LSTM inference on event batch: 2.4 ms per
learner state update. Feedback generation:
LLM-based explanation (GPT-4-Turbo API, mean
1,840 ms) uses asynchronous webhook pattern --
learner receives immediate "generating
explanation..." placeholder with actual feedback
delivered via WebSocket push within 2 seconds;
p99 = 3,240 ms (GPT-4 API tail latency under
load).

4.2 Scalability and Developer Agility Results
Scalability: MALAF achieves 42,400 concurrent
users at < 200 ms p99 response time (Institution P
load test, k6); Recommendation Service bottleneck
at 38,000 (KT gRPC call fan-out under full load);
resolved by KT service horizontal scaling (6 -> 40
pods during test). Independent service scaling:
during the Institution P midterm exam (8,400
concurrent learners): Adaptive Assessment Service
scaled 4-> 32 pods; Content Repository 3->12
pods; Recommendation 4->28 pods; Knowledge
Tracing 2->16 pods; all others unchanged --
demonstrating the per-service scaling advantage
of microservices over monolith (where all
components scale together). Availability: 99.96%
over 18 months (Institution P: 3 planned
maintenance windows, 0 unplanned service-wide
outages; 2 single-service failures self-healed by
Kubernetes within 90 seconds via pod restart +
readiness probe). Developer agility: mean feature
commit-to-production 1.2 weeks (Institution P) --
reduced from 6.4 weeks (prior monolith Moodle
deployment). Independent deployments per
month: 28.4 (across 14 services) vs. 2.4 (monolith
release cycle). The Recommendation Service Al
model was updated 8 times in 18 months (PPO
policy improvements, new reward function) with
zero platform downtime -- each update deployed
via blue-green deployment in 4.2 minutes. MTTR
8.2 minutes (Kubernetes pod restart time +
readiness probe + circuit breaker open period).
Figures 1-4 visualise key results.

Table 3: MALAF vs. Monolith LMS --
Developer Agility Comparison (Institution P)
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Table 4: MALAF Service Scaling During s [

Institution P Midterm Exam (8,400
concurrent learners)

Recommendation 28

Service Baseline Peak Scale-O CPU Uti paaprive asessment ®
Pods Pods ut Time lisation 0 3 o 5 20 B %
(s) (peak)
Recomm |4 28 42 88% o institution p
endation KT Update Speed
Sve
Knowled 2 16 38 84% Fesdpack Tpteney
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API 6 24 28 72% 5. Discussion
Gateway 5.1 The Microservices Advantage for Adaptive
Other (9  -- Unchang  -- < 40% Al Platforms
services) ed The 5.3x feature deployment speed improvement
(6.4 -> 1.2 weeks) and 11.8x increase in
o] = Doy - deployment frequency (2.4 -> 28.4 per month)
- represent the primary strategic advantage of
- MALAF over monolithic LMS for adaptive
7 12 education: AI models improve continuously, and
gm 0 " o the ability to update the Recommendation Service
fgw e PPO policy 8 times in 18 months -- each time
i . = s improving recommendation quality without
P platform downtime -- enables a virtuous cycle of
* rapid Al improvement that monolithic deployments
o with 4.2-hour maintenance windows cannot match.

0 In adaptive learning, where recommendation
1,000 users 5,000 users 10,000 users 20,000 users 40,000 users

quality directly determines learner outcomes, the

ability to rapidly iterate Al models is a first-order
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capability. The 94 ms mean recommendation
latency (< 100 ms SLA) validates the MALAF
service chain design: the Redis caching of
knowledge state estimates and gRPC inter-service
communication (vs. REST) are the two critical
design decisions enabling this latency target. At
84.2% cache hit rate, the mean latency drops to 72
ms for cached learners; the system gracefully
degrades to 284 ms for cold-start learners (first
session, no cached state) -- still within acceptable
UX bounds for a first-time interaction.

5.2 Challenges: Service Mesh Complexity and
Data Consistency

Two architectural challenges emerged during
MALAF deployment. Service mesh operational
complexity: Istio 1.20 configuration (traffic
policies, circuit breakers, mutual TLS, distributed
tracing) required 840 lines of YAML configuration
and 3 months of operations team training before
productive use; 2 of the 18-month service
incidents were caused by Istio misconfiguration
(incorrect circuit breaker threshold). This
complexity is manageable but represents a
non-trivial operational investment -- institutions
without dedicated DevOps teams should consider
simpler service mesh alternatives (AWS App Mesh,
Linkerd 2.x) or managed service mesh (AWS EKS
+ AWS App Mesh). Distributed data consistency:
the CQRS pattern (Knowledge Tracing writes to
PostgreSQL, reads from Redis cache) creates
eventual consistency -- a learner's latest quiz
response may not be reflected in their knowledge
state for up to 8.4 seconds (Kafka consumer lag).
For adaptive recommendation this is acceptable
(the system makes good recommendations based
on recent but not instantaneous state), but for
grading and transcript records, strong consistency
(synchronous writes to PostgreSQL only) is
required and implemented in the Grading and
Assessment services.

6. Conclusion

6.1 Summary

MALAF presented a 14-microservice reference
architecture for adaptive education platforms,
evaluated over 18 months at two institutions. Key
results: 94 ms mean recommendation latency (<
100 ms SLA); KT model update lag 8.4 seconds;
feature deployment 5.3x faster than monolith; 28.4
independent deployments/month; 99.96%
availability; 42,400 concurrent users at SLA.
Per-service autoscaling reduces peak resource
cost by 34% vs. monolith peak-provisioning.

6.2 Open Resources

The MALAF architecture blueprint (Kubernetes
manifests, Terraform, Istio configuration),
OpenAPI 3.1 specifications for all 14 services,
service  implementation templates (Python
FastAPI, Go gRPC), k6 load testing scripts, and
18-month operational metrics are available at
malaf-edu.org under Apache 2.0 License. DKT
knowledge tracing service and PPO
recommendation agent are available as Docker
images on GitHub Container Registry.
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Appendix A

MALATF Service Specifications and API
Design Patterns

Technical specifications for MALAF  service
implementation and API design.

Knowledge Tracing and Recommendation
Service Implementation

Service Mesh and API Gateway Configuration






