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The rapid expansion of AI-powered edtech has outpaced the field’s capacity
to ensure developmental appropriateness in early childhood mathematics.
General-purpose large language models (LLMs) often generate activities that
conflate concepts, skip developmental steps, or misalign with learning
progressions, reflecting structural gaps in early childhood math expertise
rather than limitations of AI itself. This paper introduces Agentic PAL, an AI-
based system under development that uses a learning
engineering approach to integrate learning science with a comprehensive,
research-grounded early math knowledge infrastructure to support adult–
child real-world math interactions. The theoretical foundations and emerging
architecture behind Agentic PAL illustrate how thoughtfully designed AI-
embedded edtech can strengthen adult expertise and learner outcomes in
early childhood learning ecosystems.
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Introduction  
The rapid expansion of artificial intelligence (AI) in early childhood education has highlighted a growing tension between
technological capability and the developmental nature of young children’s learning (Hirsch-Pasek et al., 2015). Generic large
language models (LLMs), now often embedded in “AI-powered” tools for learners, teachers, and families, frequently generate
activities and explanations that misalign with early developmental learning progressions and fail to provide adults with the
pedagogical supports needed to engage children in effective, developmentally grounded mathematics interactions (Betts,
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2025). These challenges may not necessarily reflect the limitations of AI itself, but rather the absence of domain-specific
knowledge infrastructures and pedagogical guardrails.

Agentic PAL (Personal Assistant for Learning) is an AI system that addresses this gap by integrating learning-science theory,
learning engineering methods, and evidence from real-world use to empower adult-guided early math learning. Unlike
traditional “AI tutors” that aim to instruct children directly on devices (Létourneau et al., 2025), Agentic PAL is designed to
support (rather than replace) adults in helping young children learn through everyday real-world interactions. By functioning as
a personalized learning concierge, Agentic PAL draws on a robust, continuously updated, research-grounded knowledge
infrastructure to: (1) interpret informal adult observations and feedback captured during natural language conversions through
through a chat interface with an AI, (2) guide AI reasoning and system adaptivity, (3) support context-sensitive scaffolding, and
(4) increase communication between home and school by sharing developmentally relevant, personalized data-driven insights
for each learner.

Literature Review and Theoretical Grounding
Early mathematics learning emerges not from formal instruction alone, but through rich, frequent interactions with significant
adults in everyday environments. Consider that children’s early exposure to mathematical talk, guided exploration, and hands-
on math activity is strongly associated with later achievement (e.g., Levine et al., 2010; Gunderson & Levine, 2011). Moreover,
high-quality adult–child interactions sharpen children’s attention to mathematical ideas (Daucourt et al., 2021). Effective
systems aimed at supporting early mathematics should strive to strengthen the capacity and confidence of the adults who
make these interactions possible, positioning adult expertise as a key leverage point for learning. Despite their critical role,
many caregivers and early childhood educators report limited confidence in supporting young children’s mathematics learning
(Ban et al., 2024). Math anxiety among parents is well-documented (Herts et al., 2019), and early childhood teachers often
receive minimal preparation in early mathematics pedagogy or developmental learning trajectories (Clements & Sarama,
2020). These factors contribute to inconsistent or missed opportunities for mathematical learning in both home and school
settings (Lu, Vasilyeva, & Laski, 2025).

Given this, the emergence of general-purpose large language models (LLMs) has fueled a rapid expansion of “AI-powered”
tools for families and teachers. However, LLMs trained on broad internet data consume inconsistent and often inaccurate
representations of early mathematics, including common confusions around foundational concepts (Betts, 2025). The
resulting outputs include activities or explanations that are developmentally inappropriate or misaligned with learning
progressions, and which provide limited guidance on how adults should scaffold, adapt, or interpret children’s thinking. These
limitations highlight a critical learning engineering gap: early childhood mathematics requires AI systems that integrate
learning-science principles, structured knowledge models, and explicit support for adult mediation in the real-world.

The learning sciences emphasize that young children progress through conceptual pathways in which later ideas depend on
effective mastery of earlier ones (Bloom, 1984; Doignon & Falmagne, 1985), and that efficient progress along these pathways
is supported through guided participation with a more knowledgeable other (Vygotsky, 1986; Zaretskii, 2009). Put simply,
children learn most efficiently when adults offer timely scaffolds that extend their thinking just beyond what they can do
independently, keeping learners in their Zone of Proximal Development (ZPD). This requires adults to recognize not only what
the child currently understands, but what they are most ready to learn next (ZPD), and how to adjust support in the moment. In
practice, reliably supporting children in this way places substantial cognitive and pedagogical demands on adults—demands
that are rarely systematically or effectively supported in early childhood contexts.

These issues are further amplified by a “ triple expertise” gap in early childhood mathematics (Betts, 2025): (1) a practitioner
gap, in which many early childhood educators receive limited training in mathematical development (Clements & Sarama,
2020; Laski et al., 2013); (2) a perception gap, in which adults underestimate the complexity and importance of early math
(Bittner & Bull, 2022); and (3) an infrastructure gap, in which the field lacks widely available, fine-grained knowledge models
that map the developmental dependencies and common misconceptions (Clements & Sarama, 2024). Addressing these gaps
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requires extensive research-based  knowledge infrastructures (Doignon & Falmagne, 1985) that include systematic
representations of concepts, learning trajectories, prerequisite relationships, and pedagogical strategies that encode what is
known from decades of early mathematics research (Clements & Sarama, 2020). When operationalized through a learning
engineering approach, such infrastructures prevent generative AIs from perpetuating the limitations of their training data, and
enable them to effectively and accurately reason about learner readiness, interpret informal evidence from adult-child
interaction feedback, and generate developmentally aligned personalized guidance for each learner.

A Learning Engineering Approach to Agentic PAL
Agentic PAL’s design approach reflects the core commitments of learning engineering: integrating the learning sciences, using
human-centered design methodologies, and using data-informed decision making to iteratively refine PAL’s learning system
(Goodell, 2023). The evolution of Agentic PAL is grounded in a nested learning engineering cycle (Craig et al., 2025) in which
caregiver–AI interactions generate learning evidence that enables PAL to update individual children’s knowledge models, while
aggregate patterns of use inform ongoing system design and refinement.

PAL’s first iteration was intentionally low-fi: a lightweight, text-message–based system that delivered research-aligned early
mathematics activities to families, paired with simple feedback prompts for parents to report how the activity went.
The system was built on a comprehensive, granular knowledge model containing hundreds of early math learning objectives
organized by domain and developmental progressions that mapped precursor and successor relationships (Clements &
Sarama, 2020. Parents received targeted activities matched to their child’s “readiness” to learn key mathematical concepts
and skills, along with brief explanations of why each activity mattered and how to best support their child’s mathematical
thinking (i.e., “Learning Science for Parents”).

A small exploratory pilot study (n = 19) conducted during the Spring of 2025 showed that children whose families used PAL
had greater gains on the TEMA-3 (Ginsburg & Baroody, 2003), with an average increase of 5.6 points compared to 1.9 points in
a business-as-usual control group (d > 1.0). All PAL children showed improvement (100% vs. 57% in the control group), and
82% progressed from below to above grade level, with nearly all reaching kindergarten readiness and beyond by the posttest.
Moreover, parent engagement was strongly associated with child learning gains (r = .624, p < .01; Betts, Ryon, & Laski, 2026).
Building on this directional evidence, PAL is presently in use with ~500 students (from preschool through first grade), their
families, and teachers across multiple sites in the United States. This larger-scale deployment is generating a rich stream of
data and continues to affirm that adults benefit from regular, targeted support and that children’s math learning increases
when families engage. However, this broader real-world deployment has highlighted the limitations of a one-directional,
prescriptive interface.

As the system has scaled, several new insights have emerged. Many families receive nudges at moments when they cannot
engage, and although they may intend to return later, daily demands often intervene. Others complete activities but do not
return to report how they went, leaving gaps in the evidence PAL needs to effectively adapt to a child’s learning needs. Families
also report frequent contextual mismatches; for example, an activity designed for the kitchen may arrive while they are at the
grocery store, at the park, or waiting in the car, making it difficult to implement. In addition, many parents and early childhood
teachers experience math anxiety or limited confidence in their own mathematical understanding (Herts et al., 2019; Lu,
Vasilyeva, & Laski, 2025), which can make even accessible, informal activities feel intimidating.

Taken together, these realities highlight a fundamental limitation of traditional, structured input channels for capturing early
learning in everyday contexts, and point to the kinds of challenges that thoughtfully designed AI systems are uniquely
positioned to address. Systems intended to strengthen adult–child interactions must adapt not only to children’s learning
trajectories, but also to the affordances, constraints, and emotional landscapes of the adults who support them. Given this, a
set of design requirements were identified based on close observation of how families and teachers interacted with PAL in real
contexts (Table 1).
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Table 1: Data-driven design requirements for Agentic PAL

Future Directions and Planned Research on Agentic PAL
Agentic PAL is currently moving through multiple phases of iterative design focused on developing a more dynamic and
responsive solution, including: refining the conversational interface, strengthening natural-language evidence extraction, and
operationalizing probabilistic inference mechanisms that map adult input onto the child’s individualized knowledge graph in
PAL’s knowledge infrastructure. The next phase of work will compare the efficacy of Agentic PAL with the previous PAL (1.0)
system. Across conditions, activities will remain aligned to the same underlying knowledge model, enabling the effects of the
conversational, agentic layer on learning and family engagement to be examined. Data will include parent and teacher
interactions with the system, process-level indicators of adult–child mathematical engagement, children’s learning trajectories
within the knowledge model, and standardized assessment outcomes. This research will address several key questions:

1. Does Agentic PAL support more frequent or higher-quality adult–child mathematical interactions in everyday contexts?
2. Does natural-language evidence improve the accuracy and stability of the child’s evolving knowledge graph?
3. Do children whose parents use Agentic PAL demonstrate accelerated progress along early mathematics learning

pathways compared to those supported by PAL 1.0?

Findings from this work will inform the iterative refinement of Agentic PAL going forward and contribute insights for others
designing AI systems that empower humans, are grounded in the learning sciences, and who use learning engineering
approaches to support learning across dynamic real-world contexts.

Conclusion
Rapidly evolving AI-powered tools in early childhood edtech underscore the need for a stronger, more explicit commitment to
learning engineering approaches. Designing systems for young learners requires more than technical sophistication or
generative flexibility; it demands grounding in the learning sciences and intentional design for how learning actually unfolds in
everyday adult–child interactions. Effective systems must integrate theory, evidence, and iterative design in ways that
strengthen the adults who mediate and guide young children’s early learning. Agentic PAL illustrates how these learning
engineering commitments can be operationalized in practice. By combining a research-based knowledge infrastructure with a
conversational, knowledge-guided interface, Agentic PAL is designed to help adults recognize what a child is ready to learn,
how to scaffold effectively, and when and how to introduce appropriate levels of support and challenge. Importantly, Agentic
PAL builds directly on evidence and insights generated through earlier implementations, demonstrating how learning
engineering cycles connect field data, theory refinement, and system redesign. In this way, Agentic PAL serves not as a
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singular solution, but as an example of how learning engineering approaches can help us move from insight to
implementation, in direct alignment with the LERN Convening theme.
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