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Abstract

Generative AI is increasingly being positioned as a tutoring and learning-support technol-
ogy, often through chatbot-based interfaces. While flexible, this design can make it difficult
to constrain system behavior, align interactions with curriculum goals, and connect learner
activity to demonstrated skill performance. This position paper proposes Learning in
Blocks, a skill-driven framework for AI-supported learning in which learners engage with
structured assessments and practice tasks rather than open-ended conversation as the pri-
mary interface. The framework organizes learning into blocks of target and prerequisite
skills. Bounded pedagogical agents support assessment generation, assessment evaluation,
diagnostic recommendation, spaced review, and mastery-based progression. We argue that
responsible AI in education should center structured evidence of learner skill. By integrat-
ing adaptive learning, formative assessment, multifaceted evaluation, spaced repetition,
and mastery learning into a single loop, Learning in Blocks offers a design pattern for more
transparent, auditable, and pedagogically aligned AI-supported learning.
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1. Introduction

Generative AI is increasingly positioned as tutoring and learning-support technology, with
major systems emphasizing personalized help, guided learning, and conversational support
(Team et al., 2024). While promising, this direction raises concerns around reliability,
pedagogical alignment, learner safety, and responsible classroom use (Kasneci et al., 2023;
Zheng et al., 2023; Li et al., 2025). These concerns are heightened when learning depends
on open-ended conversation, where system behavior can be difficult to constrain, inspect,
and connect to evidence of learning.

This paper argues that AI-supported learning should not be organized only around
chatbot-based personal tutors. We propose Learning in Blocks, a skill-driven framework
in which learners engage primarily with structured assessments and practice tasks rather
than free-form dialogue. Bounded pedagogical agents generate or select assessments, eval-
uate learner artifacts, diagnose skill gaps, recommend targeted practice, schedule spaced
review, and support mastery-based progression. The framework draws on adaptive learn-
ing, formative assessment, rubric-based evaluation, spaced repetition, and mastery learning.
It integrates these principles into a single learning loop where personalization is driven by
skill evidence and instructional decisions are grounded in curriculum-defined rubrics, review
schedules, and progression criteria.
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2. Toward Skill-Driven AI Learning Systems

Adaptive learning systems provide important foundations for modeling learner state and
sequencing instruction. Knowledge tracing, item response theory, and intelligent tutoring
systems estimate learner proficiency and select next activities, but many rely on item-level
correctness, selected-response tasks, or narrow interaction traces (Corbett and Anderson,
1994; VanLehn, 2011; Piech et al., 2015; Abdelrahman et al., 2023; Shen et al., 2024; Imamah
et al., 2024). This creates a challenge for skill-driven domains such as STEM, where mastery
often requires applied performance across explanations, derivations, diagrams, code, or
transfer tasks rather than correctness on isolated items.

Recent work on rubric-based and LLM-enabled evaluation suggests that AI systems
can increasingly evaluate open-ended artifacts using multidimensional criteria (Hashemi
et al., 2024; Zheng et al., 2023; Li et al., 2025). Multi-agent and debate-style approaches
further suggest that reliability may be improved by comparing or synthesizing multiple
model perspectives (Du et al., 2024). These developments make multifaceted evaluation
more practical than in earlier adaptive systems. However, evaluation alone is insufficient
unless rubric judgments are connected to instructional decisions.

This connection is central to formative assessment and feedback. Assessment improves
learning when evidence of performance is used to adapt subsequent instruction, and effective
feedback helps learners close the gap between current and desired performance (Black and
Wiliam, 1998; Nicol and Macfarlane-Dick, 2006; Shute, 2008). Deployed systems such as
ASSISTments show that connecting assessment evidence to instructional support is feasible
at scale (Heffernan and Heffernan, 2014), but their evaluation remains grounded in item-
level correctness and scaffolding metrics, and many recommendation mechanisms remain
tied to item tags or topic sequences rather than multifaceted skill evidence.

The framework also draws on spaced repetition and mastery-based progression. Dis-
tributed practice supports long-term retention (Cepeda et al., 2006); in this framework,
spaced repetition is realized through varied skill-aligned review rather than verbatim item
repetition. Mastery learning argues that learners should progress after demonstrating suffi-
cient competence rather than after fixed time or content completion (Bloom, 1968; Guskey,
2010). Recent work further highlights mastery thresholds as an important design and eval-
uation question (Matayoshi et al., 2025). For skill-driven learning, prior skills should be
revisited through diverse assessment formats, and progression should depend on evidence
that prerequisite skills are stable enough to support future learning.

Together, these strands provide components for an integrated AI learning system, but
they are often treated separately. Traditional adaptive systems model learner state but of-
ten rely on narrow evidence; LLM-based evaluation can assess richer artifacts but does not
define how learners should progress; feedback, spaced practice, and mastery learning pro-
vide instructional principles but are not always unified around skill diagnosis. At the same
time, chatbot-centered educational AI raises concerns around reliability, appropriateness,
and learner safety when students interact directly with generative models in unrestricted
ways (Kasneci et al., 2023). The integration proposed here closes the loop from multi-
faceted evaluation of learner artifacts through diagnostic recommendation to spaced review
and mastery-based progression within a single skill-driven cycle, while keeping AI actions
structured, auditable, and curriculum-aligned.
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3. The Learning in Blocks Framework

Learning in Blocks organizes learning around skill-centered blocks, structured assessments,
pedagogical agents, and mastery-based progression. The framework is designed to make
progression depend on demonstrated mastery of target skills.

Each learning block, CBt, is organized around prerequisite and target skills. Let
St = {st,1, st,2, . . . , st,n} denote the skills targeted in CBt, and let Pt denote the prerequisite
skills required for those targets. A skill may involve conceptual, procedural, representa-
tional, explanatory, computational, or transfer-oriented performance. For each skill st,i, the
system assigns one or more skill-aligned assessments At,i whose format depends on the evi-
dence needed to evaluate that skill, such as worked solutions, explanations, diagrams, code
traces, or transfer problems. Progression from CBt to CBt+1 requires sufficient mastery
evidence over St. Once mastered, skills in St are added to the learner’s prerequisite skills
and may be included in Pt+1 or carried forward for review in later blocks. Evaluation is
conditioned on cumulative exposure, so learners are not penalized for demonstrating skills
beyond St; such evidence can inform enrichment or personalization of later blocks. For
example, a quadratic equations block could assess method selection, algebraic execution,
root interpretation, and graphical connection through a worked solution, error-diagnosis
task, and graph-interpretation item. If a learner correctly solves a quadratic equation but
misinterprets the meaning of its roots, the evaluation profile would show strength in al-
gebraic execution but weakness in root interpretation. The recommendation step would
then prioritize practice on interpreting roots in context, while algebraic execution could be
carried forward for later spaced review rather than remediated immediately.
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Figure 1: Learners progress through blocks via a recurring loop of assessment, evaluation,
recommendation, targeted practice, and mastery checks.

The system can be implemented as a set of bounded pedagogical agents, each respon-
sible for a constrained part of the learning loop. In one implementation, an assessment
agent generates or selects tasks aligned to target skills; an evaluation agent applies pre-
defined rubric dimensions to learner artifacts; a diagnosis agent maps rubric evidence to
skill strengths and gaps; a recommendation agent selects targeted practice from approved
activities; a review agent schedules previously mastered skills for spaced review based on
observed skill stability; and a progression agent determines whether mastery evidence is suf-
ficient to move to the next block. Boundedness is operationalized through explicit inputs,
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permitted actions, and output schemas. For example, assessment generation is constrained
by the skill map, evaluation by predefined rubric dimensions, recommendation by approved
practice activities and skills, review by the learner’s prior mastery evidence, and progression
by mastery criteria. These constraints make system decisions inspectable and auditable.

As shown in Figure 1, these stages form a recurring loop. The learner completes a skill-
aligned mastery check, receives rubric-based evaluation and diagnostic recommendations,
engages in targeted practice and spaced review, and progresses only when mastery evidence
is sufficient. Mastered skills are carried forward into later blocks for periodic review to
support retention. The review set is updated as new assessment evidence is observed, so
spaced review reflects both prior mastery and later changes in skill stability.

This design supports teacher oversight and safer classroom deployment. Because sys-
tem actions are grounded in predefined skills, assessments, rubrics, recommendation rules,
and mastery criteria, teachers or platform designers can inspect, override, or calibrate key
decisions. In this way, Learning in Blocks connects structured AI-driven instruction with
continuous evaluation, pedagogical alignment, and classroom readiness, while reducing the
risks associated with direct open-ended learner interaction with generative models.

4. Design Principles and Limitations

Learning in Blocks is guided by four design principles. First, the framework adapts to
demonstrated skill performance rather than treating content completion as evidence of
learning. Second, learner interaction is assessment-centered, with structured tasks produc-
ing evidence that can be evaluated and acted on. Third, system actions remain curriculum-
aligned through predefined skill maps, rubrics, recommendation rules, review schedules, and
mastery criteria. Fourth, the framework supports teacher oversight through inspectable and
adjustable assessment, recommendation, review, and progression decisions. Together, these
principles allow the system to personalize learning while keeping instructional decisions
grounded in structured evidence and curriculum-defined constraints.

The framework also has limitations that should shape future work. Most importantly,
the current paper presents Learning in Blocks as a design framework without preliminary de-
ployment results, learner outcome data, or teacher usability evidence. As a result, it should
be read as a framework for structuring responsible AI-supported learning rather than as
evidence that assessment-centered agentic AI improves learning outcomes over existing tu-
toring or adaptive-learning systems. Designing skill maps and rubrics requires substantial
domain expertise, and LLM-based evaluation must be validated for reliability, bias, and
consistency across learner groups. Mastery thresholds also require calibration. If thresh-
olds are too low, learners may progress with unstable prerequisite skills; if they are too high,
learners may become stuck, bored, or disengaged despite being ready for productive strug-
gle in the next block. Responsible deployment therefore requires threshold tuning, teacher
override, and mechanisms for enrichment or alternative pathways when learners repeatedly
fail to progress. Finally, because recommendations influence what learners practice and
their progress, they should be audited for fairness across learner groups. Such audits should
examine whether comparable learner evidence leads to comparable evaluations, recommen-
dations, review schedules, and progression decisions. They should also check whether any
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group is systematically assigned less challenging material, fewer advancement opportunities,
longer remediation paths, or lower-quality practice.

5. Conclusion

Learning in Blocks offers a skill-driven design pattern for AI-supported learning centered on
assessment, recommendation, review, and mastery-based progression. Learners engage with
structured tasks, while bounded pedagogical agents evaluate artifacts, diagnose skill gaps,
recommend practice, schedule review, and guide progression. By grounding these actions
in skill maps, rubrics, review schedules, and progression criteria, the framework aims to
make personalization transparent, auditable, and pedagogically aligned. Responsible AI in
education should support evidence-based decisions about learner skill, targeted practice,
review, and readiness to progress.
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