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Abstract
Pedagogical policy design requires navigating a combinatorially
vast space of instructional choices—such as technique, dosage, and
timing—whose effects interact in ways that are difficult to anticipate.
Existing LLM-based student simulations operate at the micro level
(individual learner responses) or meso level (classroom dynamics),
but do not address macro-level policy evaluation. In this position pa-
per, we propose EduPolicySim, a simulation framework that uses
LLM agents as proxies for diverse student populations to support
pedagogical policy exploration at scale. The framework operates
in five stages: student profile configuration grounded in authentic
artifacts, policy specification along multiple instructional dimen-
sions, simulation and analysis of how learner populations respond
to each policy, deliberative decision support that makes trade-offs
among stakeholder priorities explicit, and co-evolutionary refine-
ment using real-world outcome signals. EduPolicySim aims to sur-
face hidden interdependencies among instructional decisions and
scaffold evidence-informed policy making before costly classroom
deployment.

CCS Concepts
• Human-centered computing→ Human computer interac-
tion (HCI); • Applied computing → Interactive learning environ-
ments.
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1 Introduction
Large language model (LLM) agents are increasingly used to simu-
late human behavior in the service of policy design and evaluation.
Recent work demonstrates the viability of this approach across
domains: Li et al. deployed large-scale agent simulations to inform
emergency preparedness planning, including volunteer training
and evacuation protocols [13]; Hou et al. modeled vaccine hesi-
tancy under simulated social dynamics to explore public health
interventions [4]; and research infrastructures such as Sotopia
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enable scalable, interactive testing of multi-agent social behav-
iors [32, 33]. These efforts build on foundational work showing
that generative agents can produce believable simulacra of human
behavior [19], while also motivating new perspectives on how HCI
can engage more deeply with policy processes [28]. At the same
time, researchers caution that validation remains a central chal-
lenge [12] and that replacing human participants with LLMs risks
flattening the identities they purport to represent [23]. A growing
consensus holds that LLM-based simulations can serve as a promis-
ing research method when treated as complementary evidence
rather than ground truth [1].

In education, LLM-based agents have been used to simulate
students for instructional design, explore classroom interaction
dynamics, and provide scenario-based practice for instructor train-
ing [14, 22, 24, 31]. However, this body of work operates primarily
at the micro level—modeling instructor–student conversations to
improve learning outcomes or teaching efficiency. What remains
largely unexplored is the use of LLM-agent simulation at the macro
level: systematically evaluating how pedagogical policy choices
affect learning across diverse student populations.

This gap matters because pedagogical policy design is a pro-
foundly complex problem [11]. Instructors and policy designers
must make decisions along numerous interdependent dimensions—
among them, instructional technique (e.g., worked examples vs.
problem solving), dosage (e.g., spacing of practice), and timing (e.g.,
when to provide feedback). As illustrated in Figure 1, choices on
each dimension can be independently combined, producing a com-
binatorially vast space of possible instructional configurations. It is
infeasible to experimentally evaluate all such configurations with
real students and classrooms, yet the interaction effects among
these dimensions mean that the effectiveness of any single choice
depends on the others.

In this position paper, we propose an LLM-agent simulation
framework that enables educators and researchers to explore this
design space at scale. By simulating how diverse learner populations
respond to different pedagogical policy configurations, the frame-
work aims to surface hidden interdependencies among instructional
decisions and help practitioners anticipate the downstream effects
of policy choices before deploying them in real classrooms.

https://polisim.net/
https://chi2026.acm.org/
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Figure 1: The combinatorial complexity of pedagogical policy design. Choices along independent instructional dimensions—
such as technique, dosage, and timing—can be freely combined, yielding a space of trillions of possible configurations. The
thick-arrowed path shows one such configuration. This vast design space motivates the need for scalable simulation-based
evaluation. Reproduced from [11].

2 Related Work
2.1 Hidden Interdependencies in Pedagogical

Policy
Designing effective educational policy requires navigating a land-
scape of deeply entangled factors, where even well-studied instruc-
tional decisions lack clear consensus. A persistent challenge is that
many instructional methods are discussed using compelling but im-
precise labels rather than operationally grounded definitions [9, 10],
making it difficult to compare findings across studies. Even for well-
defined practices, empirical evidence frequently points in opposing
directions: the literature contains long-standing disagreements on
whether feedback should be immediate [2] or delayed [21], and
whether learning materials should be concrete [17] or abstract [8].

What makes these contradictions particularly difficult to resolve
is that instructional effectiveness is rarely context-free. The same
technique may succeed in one setting and fail in another: strategies
effective for simple skills can prove counterproductive for complex
ones [26], and prompting students to self-explain—a widely recom-
mended practice [20]—does not reliably benefit all learners [27].
Effectiveness further depends on learner characteristics such as
prior knowledge and aptitude, with some approaches dispropor-
tionately benefiting low-achieving students [3, 7]. These pervasive
interaction effects mean that the space of possible policy configura-
tions is combinatorially large, and the consequences of any single
decision are contingent on numerous other factors that are difficult
to hold in mind simultaneously.

Traditional approaches to understanding this complexity—controlled
experiments and meta-analyses—can only probe a small slice of
this vast design space at a time. This leaves policymakers and ed-
ucators without practical tools for reasoning about how multiple
instructional choices interact across diverse student populations.
Surfacing these hidden interdependencies at scale is precisely the
kind of task where LLM-based simulation can offer a new lens,

enabling systematic exploration of how policy choices propagate
through varied learner profiles and instructional contexts.

2.2 LLM-Simulated Students
A growing body of work uses LLM-based agents to simulate stu-
dents, spanning applications from assessment design to classroom
modeling to instructor training. We organize this literature by the
level at which simulation operates, and identify a gap at the policy
level that motivates our work.

Individual learner simulation. At the level of individual students,
LLM agents have been used to evaluate and stress-test instructional
materials. Generative Students [14] employs GPT-based learners
with varied mastery levels to answer assessment items, enabling
instructors to estimate item difficulty and diagnose flawed ques-
tions before classroom deployment. To move beyond idealized cor-
rectness, Sonkar et al. [22] fine-tune LLMs on paired correct and
incorrect solutions, producing simulated students that reproduce
authentic algebraic misconceptions. Wu et al. [25] similarly em-
phasize cognitive diversity by constraining agents to represent a
spectrum from novice to expert, incorporating imperfect reasoning
to better stress-test tutoring strategies.

Classroom dynamics simulation. Scaling beyond individual learn-
ers, several systems simulate multi-party classroom interactions.
SimClass [30] instantiates a virtual classroom with LLM-driven
teacher and student agents, using role-specific prompting to capture
participation patterns, turn-taking, and emergent group behaviors.
MathVC [29] extends this paradigm with multiple AI peers hold-
ing distinct personas to support simulated collaborative reasoning.
Wang et al. [24] further argue that LLM-based social simulation can
serve as a general methodology for analyzing collective interaction
structures at scale.

Instructor development. LLM-simulated students have also been
applied to train human instructors. GPTeach [15] enables novice
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instructors to rehearse tutoring conversations with simulated stu-
dents exhibiting confusion and help-seeking behaviors, while Tu-
torUp [18] simulates disengaged learners to train tutors in adap-
tive engagement strategies. Complementing instructor training,
teachable-agent paradigms use simulated students to support learning-
by-teaching [5] and to evaluate AI tutors across diverse learner
profiles before deployment [6].

Limitations and the missing policy level. Despite this progress,
practitioners report that current simulated students can be overly
articulate, affectively flat, and lacking longitudinal consistency—
motivating ongoing work on richer persona modeling [16]. More
fundamentally, the existing literature operates at the micro level
(individual learner responses) or meso level (classroom interaction
patterns), with each study targeting a specific instructional scenario.
What remains absent is a macro-level simulation framework that
evaluates how pedagogical policy choices—spanning dimensions
such as instructional technique, dosage, and timing [11]—interact
to shape learning outcomes across diverse student populations. As
discussed in Section 1, the combinatorial vastness of this policy
space makes exhaustive empirical evaluation infeasible, yet the
pervasive interaction effects among dimensions mean that optimiz-
ing any single choice in isolation is insufficient. Our work aims
to address this gap by proposing an LLM-agent simulation frame-
work designed to operate at the policy level, enabling educators
to explore the pedagogical design space at scale and surface the
hidden interdependencies that make instructional policy design so
challenging.

3 EduPolicySim: A Simulation Framework for
Pedagogical Policy Exploration

Koedinger et al. [11] identify two critical research needs for ad-
vancing instructional science: (1) systematic experiments testing
instructional function decomposability—whether optimal instruc-
tional choices are specific to particular combinations of knowledge
goals, learning processes, and outcome targets—and (2) massive on-
line multifactor studies that vary multiple instructional dimensions
simultaneously to determine which can be treated independently.
However, such studies face significant practical barriers: real-world
experiments at this scale are costly and ethically constrained, and
they lack convenient access to long-term outcome variables [11].

We propose EduPolicySim, a simulation-based framework that
addresses these barriers by using LLM agents as proxies for di-
verse student populations. Rather than replacing empirical research,
EduPolicySim serves as a computational sandbox for pedagogical
policy exploration—enabling researchers and instructors to rapidly
prototype and compare instructional configurations before com-
mitting to costly real-world deployments.

3.1 Framework Design
The framework operates in five stages. To ground the description,
we trace a hypothetical example throughout: an introductory sta-
tistics instructor designing a three-week unit on hypothesis testing
for a class of 120 undergraduates with heterogeneous mathematical
backgrounds. While simplified, this scenario illustrates how the
stages connect in practice.

Stage 1: Student profile configuration. Instructors populate simu-
lated student profiles by providing authentic artifacts—such as prior
student work, assessment results, and qualitative observations—that
reflect learner capabilities, prior knowledge, and individual char-
acteristics. These artifacts ground LLM agent personas in realistic
learner variability rather than relying solely on abstract ability
parameters.
Example. The statistics instructor uploads anonymized diagnos-
tic quiz scores, written explanations from a prior probability unit,
and LMS engagement logs for a representative sample of students.
From these artifacts, the framework constructs profiles capturing
meaningful variation: for instance, a student with strong procedural
fluency but weak conceptual understanding of sampling distribu-
tions, or a student with high course engagement but a persistent
misconception that larger samples always yield statistically signifi-
cant results.

Stage 2: Policy specification. Instructors articulate learning ob-
jectives and configure pedagogical policies along multiple instruc-
tional dimensions identified in the literature [11]: instructional
technique (e.g., worked examples vs. problem solving), dosage (e.g.,
spacing of practice), timing (e.g., immediate vs. delayed feedback),
concreteness of examples, and grouping of skills. The framework
treats these dimensions as independently combinable, enabling
systematic exploration of the design space illustrated in Figure 1.
Example. The instructor specifies the learning objective—correctly
conducting and interpreting a one-sample 𝑧-test—and configures
two candidate policies to compare:

• Policy A: worked examples followed by problem solving;
massed practice; immediate correctness feedback; concrete
real-world contexts (e.g., clinical trial data).

• Policy B: problem solving first with scaffolded hints; spaced
practice distributed over three weeks; delayed explanatory
feedback; abstract contexts (e.g., generic population parame-
ters).

These two policies differ on four dimensions simultaneously, re-
flecting the kind of multifactor comparison that is impractical to
run as a controlled experiment with real students.

Stage 3: Simulation and analysis. The framework simulates how
the configured student population responds to each specified policy
over a defined instructional sequence. Importantly, student profiles
are not static: as simulated instruction unfolds, agent states evolve
to reflect learning gains, shifting misconceptions, and changes
in engagement—capturing the dynamic nature of real classrooms
rather than producing a single-point prediction.

Simulation outputs operate at two levels of granularity. At the
aggregate level, instructors compare how different policy configu-
rations affect overall class performance, identifying which combi-
nations of instructional dimensions yield stronger outcomes. At
the individual level, the framework surfaces which student profiles
struggle or thrive under a given policy, enabling targeted attention
to at-risk learners.
Example. The simulation reveals that Policy A produces higher
average scores on procedural assessment items, but students with
low prior knowledge plateau early under massed practice. Pol-
icy B yields slower initial gains yet stronger transfer performance,
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particularly for students with weak probability foundations. The
individual-level analysis further flags that high-anxiety student
profiles disengage under Policy B’s delayed feedback.

Stage 4: Deliberative decision support. Simulation outputs rarely
point to a single dominant policy. More commonly, they expose
trade-offs—between aggregate efficiency and equity across sub-
groups, between short-term procedural mastery and long-term
transfer, or between instructional coverage and depth. Resolving
these trade-offs is not a technical optimization problem; it requires
value judgments that may differ across stakeholders. An instructor
may prioritize closing achievement gaps for struggling students, a
curriculum coordinator may weigh content coverage for accredi-
tation, and a department chair may focus on scalability and cost.
The same simulation data can legitimately support different policy
conclusions depending on whose priorities take precedence.

EduPolicySim is designed to support this deliberative process
rather than short-circuit it. The framework structures its outputs
to make trade-offs explicit and comparable: for a given pair of poli-
cies, it can highlight which student subgroups gain and which lose,
quantify the magnitude of predicted differences, and flag dimen-
sions along which policies diverge most sharply. By externalizing
the consequences of each choice, the framework provides a shared
evidential basis around which stakeholders with different roles and
values can negotiate—examining the same results while articulating
why they weigh them differently.

Crucially, the framework also supports iterative policy explo-
ration to facilitate this negotiation. After reviewing simulation re-
sults, stakeholders can jointly adjust policy parameters—changing
feedback timing, example concreteness, or practice spacing—and re-
simulate to observe how outcomes shift. This what-if cycle allows
practitioners to systematically navigate the combinatorial policy
space described in Section 1, comparing alternative configurations
side by side. Rather than forcing premature convergence on a single
design, the iterative loop encourages stakeholders to ask targeted
questions—What if we keep spaced practice but switch to immedi-
ate feedback for the lowest quartile?—and examine the projected
consequences before committing to classroom deployment.

Example. Faced with the simulation results above, the instructor
and a curriculum coordinator interpret the data differently. The
instructor is concerned that Policy A leaves low-prior-knowledge
students behind; the coordinator notes that Policy B’s slower pacing
risks not covering required content before the midterm. Rather than
choosing one policy by default, they use the framework to explore a
hybrid configuration—pairing Policy A’s immediate feedback with
Policy B’s spaced practice schedule—and re-simulate. The hybrid
narrows the gap between high- and low-prior-knowledge students
while maintaining engagement and staying within the content time-
line, representing a negotiated compromise that neither stakeholder
would have arrived at independently.

Stage 5: Co-evolutionary refinement. Once a policy is deployed
in a real classroom, EduPolicySim supports a co-evolutionary feed-
back loop between simulation and practice. Real-world outcome
data—such as actual student performance, engagement patterns,
and observed gaps between predicted and actual responses—are fed

back into the framework as outcome signals that update and recali-
brate student profiles and simulation parameters. This serves two
purposes. First, it improves simulation fidelity: as the framework ac-
cumulates real evidence, its predictions become increasingly aligned
with the specific student population. Second, it enables adaptive
policy revision: instructors can re-enter the simulation loop with
updated profiles to ask whether, given what has actually happened
in the classroom, a different policy would now be more effective.
This co-evolutionary design reflects the reality that pedagogical
policy is not a one-time decision but an ongoing process of adjust-
ment, and positions EduPolicySim as a living tool that grows more
useful over the course of instruction.
Example. After deploying the hybrid policy, the instructor col-
lects midterm results and finds that transfer performance broadly
matches the simulation’s predictions. However, a subgroup of non-
native English speakers struggleswith abstract problem framings—a
gap the original profiles did not capture. The instructor feeds these
outcomes back into the framework; the recalibrated profiles now ac-
count for language-related barriers to abstraction. A re-simulation
for the upcoming unit on confidence intervals suggests that switch-
ing to concrete, contextualized examples for this subgroup would
improve comprehension without affecting the rest of the class—
demonstrating how real-world evidence progressively sharpens
both the simulation and the instructional decisions it informs.

4 Conclusion
Pedagogical policy decisions are shaped by interaction effects across
multiple instructional dimensions, yet the tools available to edu-
cators offer limited support for reasoning about this complexity.
We presented EduPolicySim, a framework that uses LLM-agent
simulation to enable macro-level pedagogical policy exploration—
complementing existing work that operates at the individual learner
or classroom interaction level. By supporting iterative what-if ex-
ploration and co-evolutionary refinement grounded in real-world
outcomes, the framework aims to help instructors surface hidden in-
terdependencies and make more informed policy choices. Key open
challenges include validating simulation fidelity against real stu-
dent populations, modeling longitudinal learning trajectories, and
ensuring that simulated personas faithfully represent learner diver-
sity without flattening individual differences. We see EduPolicySim
not as a replacement for empirical research, but as a computational
sandbox that can accelerate the kind of massive multifactor studies
that instructional science requires [11].
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