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Abstract

The integration of artificial intelligence (Al) in education holds
significant promise for transforming personalized learning. By
analyzing student learning data, Al systems can adapt instruc-
tion to meet individual needs through tailored content, adaptive
learning paths, real-time feedback, and continuous improve-
ment loops. However, effective personalization at scale de-
mands not only access to large volumes of learner data but also
robust data architectures to collect, organize, standardize, and
analyze that data in a secure and meaningful way. However,
note that the ability of Al to personalize learning requires data
about the learner and prior learning. Personalization at scale re-
quires data at scale. The Architecture for AI-Augmented
Learning (A4L) framework addresses these needs by establish-
ing a comprehensive data pipeline that supports Al-driven per-
sonalization. This pipeline introduced capabilities for direct
data ingestion, anonymization, and standardization, as well as
integrated analytics and visualization pipelines to deliver ac-
tionable insights to educators and learners alike.

Introduction

The integration of artificial intelligence in education has
the potential to revolutionize personalized learning (Luckin
2018; Holmes, Bialik, and Fadel 2019). By leveraging stu-
dent learning data, educational systems can adapt to indi-
vidual learning needs, offering tailored content and feed-
back (Liu and Koedinger 2017). Human-Al interaction can
enable personalized learning by leveraging Al’s ability to
analyze vast amounts of learning data and adapt instruction
to individual needs including adaptive learning paths, real-
time feedback and assessment as well as continuous im-
provement through Al feedback loops (VanLehn 2011;
Kulik 2013; Roll and Wylie 2016).

However, note that the ability of Al to personalize learn-
ing requires data about the learner and prior learning. Per-
sonalization at scale requires data at scale. The question
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then becomes not just of simple data but of a data architec-
ture for deploying Al agents for learning and teaching, col-
lecting, storing, standardizing, organizing, and analyzing
data, and feeding the results back to teachers, learners, and
the Al assistants for personalization of learning.

The A4L framework is an initiative designed to enhance
personalized learning experiences through Al-driven in-
sights. Evolving through multiple phases, A4L initially fo-
cused on data uploading, analysis, visualization, and shar-
ing to better understand individual learner needs (Goel et
al. 2025). Building on this foundation, the next iteration of
A4L introduced direct data ingestion, Learning Tools In-
teroperability (LTI)! data integration, data anonymization,
data standardization using Caliper Analytics?, analytics
pipeline and visualization pipeline to facilitate seamless
personalization, ensuring more secured yet efficient and
adaptive learning experiences. A4L facilitates personalized
learning by analyzing individual learning behaviors, identi-
fying strengths and weaknesses, and adapting instructional
strategies accordingly.
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Figure 1. Personalized Learning Framework
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Figure 1 illustrates a conceptual framework for delivering
personalized learning instruction through dynamic human-
Al collaboration. The process begins with the continuous
collection of learning data from students as they engage
with digital platforms such as learning management sys-
tems (LMS) or Al-enabled educational tools. These plat-
forms capture a wide array of behavioral signals—includ-
ing clickstream activity, assessment outcomes, help-seek-
ing behavior, and interaction histories—which serve as the
raw input for personalization. This data flows into a hu-
man-Al collaborative loop, where both Al agents and hu-
man instructors interact and contribute distinct yet comple-
mentary strengths. Within this interaction space, the Al
system provides predictive insights about future perfor-
mance. Simultaneously, the human instructor brings peda-
gogical expertise and contextual understanding to the table.
Teachers can interpret the Al-generated insights through
the lens of their knowledge of student motivation, engage-
ment levels, or non-observable classroom dynamics. This
mutual exchange between the human and the Al agent al-
lows for a more holistic interpretation of the data, enabling
richer and more actionable instructional insights. The out-
put of this collaborative process is the generation of per-
sonalized learning instruction. Instructors, supported by
Al, adapt content delivery to meet the needs of individual
learners. This may include adjusting reading materials, se-
quencing of topics, feedback timing, or providing differen-
tiated assignments. Importantly, personalization is not de-
livered by the Al alone but is the result of a co-orchestrated
effort that ensures both scalability and instructional quality.
The final outcome is a learning experience that is not only
tailored to each student’s current needs but also responsive
to their evolving learning trajectory—maximizing both ef-
fectiveness and engagement. In summary, Figure 1 repre-
sents more than a data flow—it encapsulates a pedagogical
model in which technology augments human teaching,
forming a continuous feedback loop between learning be-
havior, instructional insight, and personalized response.
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Figure 2 presents a high-level view of the A4L framework,
depicting its end-to-end design for collecting, processing,

Figure 2. A4L Architecture
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and visualizing educational data in order to support person-
alized learning at scale. The architecture is structured
around four interconnected components: Data Sources,
Data Engine, the Analytics Pipeline, and the Visualization
Pipeline. Together, these components enable a flow of in-
formation that drives both Al-powered insights and hu-
man-centered decision-making.

The process begins with the ingestion of data from di-
verse Data Sources, which include learning management
system (LMS) logs, Al technologies, and institutional da-
tasets such as Student Information System (SIS) records.
These data sources capture a wide spectrum of learner ac-
tivity and outcomes. Once collected, the data enters a cen-
tralized Data Engine, which is responsible for transforming
heterogeneous inputs into a consistent, structured format.
The engine performs several critical preprocessing tasks:
data standardization, anonymization to protect student pri-
vacy, and transformation to prepare the data for advanced
analysis. After processing, the cleaned and structured data
is stored securely in the Data Store, a centralized repository
that enables fast retrieval and efficient data access for
downstream applications.

Once data is stored, it flows into the Analytics Pipeline,
which leverages cloud-based infrastructure to perform real-
time and batch analysis. This pipeline is designed for scala-
bility and adaptability, allowing for flexible workflows that
respond to different educational contexts and use cases.
The pipeline extracts meaningful insights from the pro-
cessed data, including behavioral trends, performance pat-
terns, and indicators of learner engagement. These insights
are tailored for adaptive learning applications and are es-
sential for guiding both automated and human interven-
tions.

The results of the analytics process are delivered through
the Visualization Pipeline, which translates complex data
outputs into intuitive, role-specific dashboards. These
dashboards are accessible to instructors, learners, and re-
searchers, and they serve as a key interface for human-Al
collaboration in the classroom. Educators use these visuali-
zations to inform instructional design and pedagogical de-
cisions, while learners use them to reflect on their progress
and self-regulate their learning strategies. The dashboard
visualizations also serve as a critical mechanism for main-
taining an ongoing feedback loop between students and
teachers, enabling continuous improvement in teaching and
learning.

At its core, the A4L framework is designed to advance
several foundational goals. It supports the development of
Al teaching assistants that enhance instruction and feed-
back delivery. It enables the large-scale collection and
analysis of data on adult learners, providing empirical
foundations for the personalization of learning. Finally, it
strengthens the information feedback loop between teach-
ers and students by integrating data-informed insights di-
rectly into the teaching process. By weaving together auto-
mated intelligence with human oversight, A4L represents a



robust infrastructure for enabling equitable, adaptive, and
effective learning experiences across diverse educational
settings.

Human-AlI Interaction Feedback Loop

Dynamic feedback loop is a core of human-Al interaction
in personalized learning environments (Park and Goel
2025). This model highlights the continuous and adaptive
collaboration among the learner, the instructor, and the Al
agent. At the center of this cycle is learner data, which is
passively and actively generated as students engage with
digital educational platforms—completing assignments,
asking questions, navigating content, and interacting with
instructional agents. This data serves as the foundational
input for the system and reflects learners' progress, behav-
iors, challenges, and evolving needs.

®
Instructor [:;> @

Instructor’s decision-making Responds }Qagp?ir:s
Informed by multimodal information,
®Agent Instructor
Replies Tells

@

Learner
Asks

Figure 3. Human-Al interaction feedback loop

Figure 3 illustrates a human-Al collaborative feedback
loop designed to support personalized learning through
continuous and responsive interaction among learners, Al
agents, and instructors. The cycle begins when a learner
asks a question or seeks assistance during their engagement
with the course. This learner-initiated action represents the
entry point of the loop, highlighting the active role of stu-
dents in driving their own learning process.

In response to the learner’s query, the Al agent replies
by delivering immediate support. This may include direct
answers, recommended resources, or adaptive guidance
based on the learner’s current context and historical learn-
ing data. These Al-generated responses help to scaffold un-
derstanding and maintain engagement without delay.

The cycle then moves to the instructor responds phase.
Here, the instructor reviews the learner’s interaction and
the Al agent’s reply, along with broader learning analytics.
Drawing on their pedagogical expertise, the instructor re-
fines instructional strategies, adjusts learning materials, or
intervenes with more targeted support. This phase reflects
the human educator’s critical role in interpreting Al in-
sights within a broader instructional context.

Following the instructor's adjustments, the Al agent re-
plies again, now using updated information—both from
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learner behavior and instructor input—to continue support-
ing the learner. This ensures that the Al agent’s guidance
remains aligned with both the learner’s evolving needs and
the instructor’s educational intentions.

The cycle culminates in the instructor tells phase. Here,
the instructor provides holistic, personalized feedback to
the learner, possibly revising course structure, reinforcing
key concepts, or guiding next steps based on cumulative
insights from both human and Al perspectives. This clos-
ing action not only delivers meaningful guidance to the
learner but also sets the stage for the next cycle of interac-
tion and inquiry.

Altogether, this feedback loop demonstrates a model of
shared responsibility between human instructors and Al
agents. It places the learner at the center of the process, en-
sures that Al responses are integrated with expert human
judgment, and maintains a continuous, data-informed cycle
of adaptation. This dynamic interaction fosters more re-
sponsive, effective, and personalized learning experiences.

Conclusion
The A4L framework provides a holistic and scalable foun-
dation for implementing personalized learning in digitally
mediated education, particularly for adult learners in online
environments. By thoughtfully integrating artificial intelli-
gence with human instructional expertise, A4L addresses
the longstanding challenge of tailoring education to indi-
vidual needs at scale—a goal that traditional classroom
models often struggle to achieve. The core innovation of
AA4L lies in its data-centric design, which supports not just
the technical handling of educational data but also the ped-
agogical processes required to translate those data into
meaningful instructional interventions.

As depicted in Figure 1, the personalized learning
framework begins with the continuous collection of rich
multimodal learning data. These data are drawn from
learners’ interactions with educational tools—clickstreams,
assessments, help-seeking behaviors, discussion forum ac-
tivity, and Al tutoring logs. What distinguishes A4L is the
way this data is not merely archived or analyzed in isola-
tion but rather fed into a collaborative human-Al decision-
making loop. Educators and Al agents operate as co-in-
structors, with the Al surfacing trends and predictive in-
sights while the human educator interprets them through a
pedagogical and contextual lens. This partnership allows
for learning interventions that are not only timely and tai-
lored but also grounded in an understanding of the
learner’s motivations, learning history, and goals.

Figure 2 complements this pedagogical vision by outlin-
ing the high-level system architecture that supports it. The
A4L pipeline comprises multiple components: data
sources, the data engine, an analytics pipeline, and a visu-
alization pipeline. Data flows through a structured se-
quence of ingestion, standardization, anonymization, trans-
formation, and storage. The architecture ensures that data



is protected—particularly personally identifiable infor-
mation—while remaining accessible for analytics and
model training. Using cloud-based services, the analytics
pipeline performs both near real-time and batch analyses,
generating insights that are disseminated through interac-
tive dashboards. These dashboards are role-sensitive, giv-
ing educators, learners, and researchers the tools to visual-
ize, reflect, and act upon the data in ways that inform in-
struction and learning strategies. Crucially, the visualiza-
tions act as more than reports—they are interfaces for ac-
tion, enabling instructors to adapt their teaching in re-
sponse to continuously evolving learner needs.

Building on this infrastructure, Figure 3 introduces a cy-
clical model of human-AlI collaboration that forms the op-
erational core of A4L’s instructional loop. The process be-
gins as learners interact with instructional materials and Al
agents, generating data that is analyzed by the Al system.
These insights are then passed to instructors who offer tar-
geted feedback and content adjustments. The Al, in turn,
responds to learners’ direct queries and recommends rele-
vant learning pathways or resources. This ongoing ex-
change—between learners, Al agents, and instructors—re-
sults in a closed feedback loop where instructional deci-
sions are not static or top-down but instead adaptive, con-
text-sensitive, and personalized.

Together, these components reflect a new paradigm for
instructional delivery—one in which teaching and learning
are driven by data, shaped by algorithms, and guided by
humans. Rather than positioning Al as a replacement for
educators, A4L emphasizes shared agency, where human
teachers maintain central authority over pedagogy while Al
amplifies their capacity to respond to diverse learner needs
in real time. This hybrid model ensures that personalization
is not only efficient but also pedagogically sound and ethi-
cally grounded.

In sum, A4L demonstrates how a thoughtfully designed
human-AlI collaborative system can make personalized
learning both technically feasible and instructionally mean-
ingful. It advances the field by merging robust data infra-
structure with intelligent analytics and responsive visuali-
zation, all within a framework. As educational systems
continue to evolve in response to digital transformation and
lifelong learning demands, the A4L framework offers a
powerful blueprint for realizing the promise of Al-en-
hanced personalized education at scale.
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