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Abstract

Recent AI tutors are powered by large
language models and their alignment are
largely human-centric; relying on scarce,
costly, and ethically constrained human
preference data. Moreover, such align-
ment optimizes surface-level response qual-
ity and fails to reflect learner diversity.
In this position paper, we identify chal-
lenges in current alignment methods and
propose a framework that offers a scal-
able alternative to static human feedback
by generating preference signals through
interactions with diverse simulated stu-
dents. This reframes alignment as a learner-
conditioned optimization problem, enabling
tutor policies to optimize for understand-
ing, engagement, and productive struggle
rather than surface-level response quality.
The framework is compatible with mod-
ern preference-learning methods such as
DPO, IPO, and KTO. Finally, a small scale
study on algebra tutoring demonstrates
that preference distributions vary system-
atically across learner profiles, highlighting
the importance of learner-aware alignment
while directly addressing data scarcity and
scalability challenges in Al tutor alignment.

1 Introduction

Large language models (LLMs) are increas-
ingly deployed as intelligent tutors, providing
explanations, hints, and feedback across di-
verse learning contexts (Danry et al., 2023; Lee
et al., 2025; Hou et al., 2025; Rogers et al.,
2025; Park and Seo, 2025). Recent works align
these systems with human preferences using
methods such as reinforcement learning from
human feedback and direct preference optimiza-
tion to improve response quality, helpfulness,
and safety (Scarlatos et al., 2025; Dinucu-Jianu
et al., 2025; Sonkar et al., 2024b).

In practice, high-quality human preference
data for tutoring is difficult to obtain (Sonkar

et al., 2024b; Wang et al., 2025). Even when
available, such data can reflect annotator bi-
ases (Goéral et al., 2025) and narrow pedagog-
ical assumptions that fail to capture learner
diversity (Chiner et al., 2015). Moreover, real
student—tutor interaction data is expensive,
ethically sensitive, and constrained by privacy
requirements (Christiano et al., 2017; Kuchar-
avy et al., 2025). As a result, alignment solely
based on human judgments focus optimizing
for surface-level qualities such as fluency or cor-
rectness rather than deeper learning outcomes
including conceptual understanding, cognitive
engagement, and productive struggle.

Meanwhile, advances in LLM-based agent
simulation have enabled generative student
agents that exhibit plausible learning behav-
iors, reasoning patterns, and misconceptions
(Gao et al., 2025; Xu et al., 2024). Prior works
have demonstrated the potential of such simu-
lated learners for data generation (Gao et al.,
2025), educational system testing (Weitekamp
et al., 2025), and classroom behavior modeling
(Xu et al., 2025). However, existing approaches
treat simulated students primarily as passive
data sources or evaluation tools, rather than
as active participants in alignment.

In this position paper, we argue that sim-
ulated students (Park et al., 2023) can serve
as scalable and pedagogically meaningful pref-
erence signal generators for aligning AI tu-
tors. We propose Simulated-Student Prefer-
ence Alignment (SSPA), in which preferences
are derived from interactions with diverse, pa-
rameterized student agents. SSPA reframes
alignment as a learner-conditioned optimiza-
tion problem, shifting the objective from pro-
ducing responses that sound good to responses
that support learning for different types of stu-
dents. Rather than replacing human oversight,
SSPA offers a complementary approach that en-



ables scalable exploration of pedagogical strate-
gies, robust evaluation under diverse learner
conditions, and reduced reliance on sensitive
real-student data.

This paper makes three contributions: (1)
we identify a fundamental mismatch between
human-centric alignment methods and the
goals of educational Al; (2) we formalize SSPA
as a general framework compatible with mod-
ern preference-learning methods including Di-
rect Preference Optimization (DPO) (Rafailov
et al., 2023), Identity Preference Optimization
(IPO) (Azar et al., 2024), and Kahneman Tver-
sky Optimization (KTO) (Ethayarajh et al.,
2024); and (3) we outline key design choices,
benefits, limitations, and open challenges con-
cerning validity, bias, and evaluation. We hope
this perspective encourages the community to
rethink how learning-oriented alignment should
be defined, operationalized, and evaluated in
the era of generative Al tutors.

2 Background

2.1 Learning from Human Preferences
for Optimizing AI Tutors

Learning from Human Preferences (LHP) is
a dominant paradigm for aligning LLMs with
desired behaviors, using techniques such as
reinforcement learning from human feedback,
reward modeling, and direct preference opti-
mization (Christiano et al., 2017; Ouyang et al.,
2022; Rafailov et al., 2023; Bai et al., 2022).
These methods are widely used to improve the
helpfulness, safety, and usability of conversa-
tional agents.

In educational settings, preference-based
learning optimizes Al tutors using judgments
from expert educators, instructional designers,
or teaching assistants who rank or select pre-
ferred responses (Woodrow et al., 2025; Scar-
latos et al., 2024). These approaches encode
pedagogical norms such as correctness, clarity,
and politeness and implicitly assume that ex-
pert judgments correspond to improved student
learning.

2.2 Synthetic Data for AI Tutor
Optimization
Advances in LLMs have accelerated synthetic

data generation for education, enabling auto-
mated feedback, synthetic tutoring dialogues,

and preference datasets with minimal human
supervision (Seo et al., 2025; Scarlatos et al.,
2024; Sonkar et al., 2024b). Recent work fur-
ther leverages simulated students to evaluate
tutor responses and guide optimization objec-
tives. For example, prior work trains tutors by
scoring candidate utterances using predicted
student correctness from a student model com-
bined with rubric-based pedagogical evaluation
(Scarlatos et al., 2025). These approaches move
toward outcome-aware optimization while pre-
serving scalability.

2.3 Modeling Student Cognition,
Motivation, and Learning
Dynamics

Recent work has significantly improved the fi-
delity of simulated students by modeling key
aspects of human learning. LLM-based simu-
lators are now conditioned on cognitive abil-
ity, motivation, engagement, personality traits,
and problem-solving styles, enabling diverse
and human-like learner behaviors (Liu et al.,
2024; Xu et al., 2024; Gao et al., 2025; Pan
et al., 2025). Simulators have also been im-
proved to capture long-term learning dynamics
such as retention, forgetting, and sustained ver-
sus brittle knowledge acquisition (Yuan et al.,
2025; Gao et al., 2025; Wu et al., 2025), demon-
strating that short-term correctness is a weak
proxy for learning.

Several studies further model systematic
student misconceptions through reasoning-
consistent incorrect solutions and structured
error patterns (Sonkar et al., 2024a; Ross and
Andreas, 2025), enabling systematic evaluation
of tutor behavior and instructional strategies.
These advances motivate our proposal to treat
simulated learners as active preference genera-
tors for aligning Al tutors.

3 Position: Simulated Students as
Preference Signal Generators

Current preference-based alignment methods
for AT tutors have proven effective for improv-
ing surface-level instructional qualities such as
correctness and clarity. In this section, we ar-
gue that the standard paradigm of aligning
LLMs with static human preferences is fun-
damentally insufficient for the development of
intelligent tutoring systems and identify three
core constraints that necessitate a shift toward
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Figure 1: Overview of the proposed framework. The framework comprises three stages: (1) agent
design and initialization, including a tutor agent, a simulated student agent with a learner profile, and a
pedagogical critic; (2) multi-turn tutor—student interaction simulation, where conversation trajectories are
evaluated and ranked to construct a preference dataset; and (3) tutor policy optimization based on the

generated preferences.

learner-centric alignment using simulated stu-
dents.

3.1 Constraints of Human-Centered
Preference Collection

Human preference optimization is widely used
to improve language model outputs of Al tu-
tors, typically relying on instructors, teach-
ing assistants, or expert annotators to evalu-
ate isolated tutor responses. While valuable,
this approach is costly, sparse, and ethically
constrained (Piech et al., 2015; Sonkar et al.,
2024b). Another issue is that, the quality of
human-annotated preference datasets can vary,
as models trained on human feedback may in-
herit annotator biases or inconsistencies. For
example, analyses of widely used preference
datasets have shown that a substantial frac-
tion of preferred responses contain factual or
reasoning errors (Goral et al., 2025).
Moreover, collecting real student—tutor inter-
action data at scale requires institutional ap-
proval, informed consent, and careful handling
of sensitive information. Even when available,
such data is often sparse and difficult to anno-
tate with reliable preference labels that reflect
learning outcomes rather than superficial quali-
ties. As a result, existing systems typically rely

on relatively small preference datasets collected
from limited numbers of instructors or teaching
assistants (Woodrow et al., 2025; Wang et al.,
2025).

3.2 Learning Outcomes Beyond
Correctness

To address scalability, recent work explores syn-
thetic preference generation using automated
critics, rubric-based scoring, or student models
(Scarlatos et al., 2024; Seo et al., 2025; Sonkar
et al., 2024a). While this improves scale, pref-
erence signals often emphasize correctness and
pedagogical form rather than learning dynam-
ics. Even when simulated students are involved,
they are typically passive evaluators or data
generators (Scarlatos et al., 2024), leaving opti-
mization detached from how learners respond,
struggle, or improve over time. In other words,
while synthetic data improves scalability, it
does not fundamentally change what is being
optimized.

3.3 Tutor-Centric vs. Learner-Centric
Alignment Objectives

Formally, given a student query ¢ and candi-
date responses {71, ..., 7}, preference learning
optimizes a human-defined function Pyyman (7 |



q). This assumes that human-preferred re-
sponses promote learning, while educational
research contradicts this assumption. Edu-
cational feedback preferences are inherently
heterogeneous. Effective feedback depends on
learner characteristics such as prior knowledge,
misconceptions, motivation, and cognitive load
(Piech et al., 2015; Holstein et al., 2018). A
response optimal for one learner may hinder an-
other. Thus, a single global preference function
fails to capture learning heterogeneity, moti-
vating learner-conditioned alignment.

3.4 Problem Statement

Taken together, these observations highlight
a central limitation of current approaches:
human-centric alignment objectives are not
enough for optimizing AI tutors for learning.
Effective tutoring requires optimization with re-
spect to learner-conditioned outcomes shaped
by student state and interaction dynamics.
This motivates the need for alternative align-
ment paradigms that (1) account for learner
diversity, (2) provide scalable and ethically vi-
able preference signals, and (3) explicitly target
learning-oriented objectives. In the following
section, we introduce Simulated-Student Prefer-
ence Alignment (SSPA) as one such paradigm,
reframing alignment as a learner-centric op-
timization problem grounded in interactions
with generative student agents.

4 Proposed Framework:
Simulated-Student Preference
Alignment

4.1 Paradigm Overview

We propose SSPA, a learner-centric alignment
paradigm in which Al tutors are optimized
using preference signals derived from interac-
tions with simulated students rather than ex-
clusively from human annotators. The core
idea is to evaluate tutor responses based on the
impact on learning-related outcomes, rather
than surface-level response quality.

In contrast to conventional alignment
pipelines, where tutor responses are ranked ac-
cording to static human-defined criteria, SSPA
reframes alignment as a learner-conditioned
optimization problem. Tutor behavior is opti-
mized with respect to simulated students, repre-
senting diverse learning profiles. These profiles

encode variation in prior knowledge, cognitive
style, motivation, and misconceptions. These
allow the alignment objective to reflect hetero-
geneous learning needs.

Importantly, SSPA does not require modi-
fying existing preference-learning algorithms.
Instead, it changes the source and semantics
of preference signals. Preferences are gener-
ated through simulated learning interactions
and evaluated according to pedagogical crite-
ria. As such, SSPA is compatible with mod-
ern preference-optimization methods while in-
troducing a fundamentally different alignment
target. Figure 1 provides an overview of the
SSPA pipeline, illustrating how simulated tu-
tor—student interactions are used to generate
preference datasets that support tutor policy
optimization.

4.2 Agent Roles and Interaction Loop

SSPA is instantiated using three agents: a Stu-
dent Agent, a Tutor Agent, and a Pref-
erence Evaluator. Together, these agents
define a closed-loop alignment process as de-
scribed in figure 2.

Student Agent. The student agent mod-
els a learner with a parameterized profile that
captures long-term traits (e.g., prior knowl-
edge, need for cognition, motivation, memory)
and short-term state (e.g., confusion or en-
gagement). Given a learning task or question,
the student agent processes candidate tutor re-
sponses, updates its internal state, and exhibits
learning-relevant behaviors such as partial un-
derstanding, misconceptions, or follow-up ques-
tions.

Tutor Agent. The tutor agent generates
multiple candidate responses for a given stu-
dent query. These responses may differ in in-
structional strategy, such as direct explanation,
hint-based guidance, Socratic questioning, or
motivational scaffolding. The goal of the tutor
agent is not merely to produce a correct an-
swer, but to explore pedagogical alternatives
whose effectiveness depends on the learner.

Preference Evaluator. The preference eval-
uator assesses the impact of tutor responses
on the simulated student. Rather than judg-
ing responses in isolation, it evaluates them
in the context of student interaction, estimat-
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Figure 2: Overview of the preference dataset generation process. (A) generates multi-turn conversation
between tutor and student; (B) critic agent evaluates the multi-turn conversation and ranks based on
specified criteria; (C) based on the ranking given by critic agent generate pairwise preference dataset.
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Figure 3: Overview of Multi-turn conversation be-
tween student and tutor. Student may initiate the
conversation and based on student’s query the tutor
gives feedback based on student’s profile. During
the conversation student’s learning state updates.

ing which responses better support learning-
oriented objectives. This evaluation yields pair-
wise or ranked preferences over tutor responses,
conditioned on the student profile and interac-
tion trajectory.

The interaction loop proceeds as fol-
lows: a simulated student initiates a learning
dialogue by posing a query or response based on
its current internal state. Given this student
turn, the tutor generates candidate instruc-
tional response. The student agent then pro-
cesses candidate response within a multi-turn
dialogue, updating its internal learning state
(e.g., understanding, confusion, or engagement)
(see fig. 3).

The preference evaluator then compares the

resulting student state trajectories across al-
ternative tutor responses and produces learner-
conditioned preference judgments. The evalua-
tor may be implemented as a separate model
or as an explicit scoring function.

4.3 Preference Signal Design

A key design choice in SSPA is the definition
of preference criteria. Unlike human preference
learning, which often emphasizes fluency or
correctness, SSPA focuses on learning-oriented
stgnals that reflect pedagogical effectiveness.
We highlight three illustrative criteria below.

Hint Quality. Preferences may favor re-
sponses that provide appropriate levels of guid-
ance, neither revealing the full solution prema-
turely nor offering vague feedback that fails to
advance understanding. Effective hints should
support incremental reasoning and encourage
active problem-solving.

Cognitive Load. Responses can be evalu-
ated based on the cognitive demands they place
on the learner. Overly complex explanations
may overwhelm students with limited prior
knowledge, while oversimplified responses may
fail to challenge advanced learners. Prefer-
ences therefore reflect the alignment between
response complexity and the student’s cogni-
tive capacity.



Motivational Support. Learning is influ-
enced not only by content but also by affec-
tive factors such as encouragement, confidence-
building, and responsiveness to struggle. Pref-
erences may favor responses that sustain en-
gagement and reduce frustration, particularly
for students exhibiting low motivation or re-
peated errors.

These criteria are not exhaustive,
are they assumed to be universally optimal.
Rather, they illustrate how preference signals
in SSPA can be explicitly tied to pedagogical
goals and conditioned on learner characteris-
tics. By encoding such signals into the align-
ment objective, SSPA enables tutors to adapt
instructional strategies to diverse learners in-
stead of optimizing for a single, global notion of
response quality. These signals can be used as
pairwise comparisons over tutor responses. Fig-
ure 2 illustrates the preference dataset genera-
tion process in SSPA, showing how multi-turn
tutor—-student interactions are evaluated and
transformed into pairwise preference signals for
tutor optimization.

nor

5 Proof-of-Concept Demonstration

To examine the practical feasibility of SSPA, we
conducted a small-scale experiment that instan-
tiates the alignment pipeline described in Sec-
tion 4. The objective of this experiment is not
to provide comprehensive empirical validation,
but to demonstrate that the proposed frame-
work can be implemented end-to-end and it
produces meaningful learner-conditioned pref-
erence signals.

5.1 Experimental Setup

We conducted a small-scale study using ten al-
gebra problems, three simulated learner profiles
(novice, intermediate, advanced), and three
tutoring strategies (direct explanation, hint-
based guidance, Socratic questioning). Each
configuration produced a short multi-turn tu-
tor—student interaction.

Each interaction was evaluated by a pref-
erence evaluator that scores three learning-
oriented signals: final answer correctness, esti-
mated student understanding, and estimated
student confusion. These signals operationalize
the pedagogical criteria described in Section 4.3.
The resulting scores were converted into scalar

Student Type Direct Hint Socratic
Novice 18 8 4
Intermediate 12 10 8
Advanced 13 10 7

Table 1: Number of pairwise wins for each instruc-
tional strategy across three learner profiles and
teaching strategies. Results indicate that prefer-
ence distributions vary by learner type, supporting
learner-conditioned alignment.

utilities to rank strategies and construct pair-
wise preference data for each learner profile as
described in Appendix A.5. Full prompt speci-
fications and example outputs are provided in
Appendix A.

5.2 Results and Analysis

Table 1 reports the number of times each in-
structional strategy outperforms the others in
pairwise comparisons across learner profiles.
Although the direct strategy achieves the most
wins overall, the relative preference distribu-
tions vary systematically with learner type.
This indicates that preference signals are con-
ditioned on learner characteristics rather than
reflecting a single global notion of response
quality. Despite the limited scale of the ex-
periment, these patterns support our central
claim that effective alignment for AI tutors
must account for learner heterogeneity and in-
teraction dynamics. The results provide initial
evidence that SSPA produces coherent, learner-
conditioned alignment signals and that the pro-
posed framework is practically feasible.

While the study confirms the feasibility of
SSPA, it also exposes some limitations. The
generated preference signals are sensitive to
the design of simulated learner personas, in-
teraction length, and critic judgments. For
example, novice learners sometimes fail to con-
verge to correct solutions within short dialogue
horizons, and the critic’s estimates of under-
standing and confusion may reflect linguistic
confidence rather than deep conceptual mas-
tery (see Appendix A.7.2). These behaviors
highlight the risks of simulator dependence and
noisy learning proxies, motivating the validity
safeguards, uncertainty-aware filtering, confi-
dence thresholds, and adversarial testing intro-
duced in the next section.



Algorithm 1 Robust Preference Dataset Con-
struction for SSPA (Validity & Safety Checks)

Require: Tutor policy my; simulated student popula-
tion S; evaluator E; task set Q; rollouts K; thresh-
olds Teonf, Tagree; adversarial tests A

Ensure: Filtered preference dataset D

1: D« 0

2: for each task ¢ € Q do

3: for each student s € S do

4: Sample trajectories {71,..., 7Tk} by interact-
ing mp with s

5: Obtain utilities and uncertainty
{(uiv Ci)}ZK=1 — E({Ti}7 S, Q)

6: Select 77,7~ by ranking u;

T A u(rh) —u(r7); ¢ + min(ct,c7)

8: if ¢ < Teont or A <0 then

9: continue

10: end if

11: for each adversarial test a; € A do

12: Construct rephrased prompt p¥) <«
a;(p)

13: if B(v%, 7~ |p(j),q) #1717 then

14: continue 2

15: end if

16: end for

17: D+ DU{(g,s, 7", 77)}

18: end for

19: end for

return D

6 Evaluation Challenges and
Validity Considerations

Using simulated students as preference genera-
tors raises important questions about validity
and reliability. A primary concern is that pref-
erence signals may reflect the idiosyncrasies or
limitations of the student model rather than
generalizable learning principles. Prior work
has noted that language-model-based simula-
tors can produce brittle or overly consistent
behaviors, raising concerns about overfitting
tutor policies to synthetic learners (Yuan et al.,
2025). To mitigate these risks, we emphasize
the importance of uncertainty-aware filtering
(Banerjee et al., 2025; Lu et al., 2025), where
preference pairs with low simulator confidence
or high disagreement across personas are dis-
carded.

Another challenge is reward hacking (Tay-
lor et al., 2025), where tutors learn to exploit
simulator artifacts rather than support learn-
ing. Adversarial testing, such as introducing
counterfactual student behaviors or alternative
simulators, can help detect such failures.

These concerns are addressed concretely in
Algorithm 1, which enforces uncertainty-aware
filtering by removing low-confidence or weak

preference pairs and applies adversarial test-
ing to detect reward hacking and simulator
overfitting through counterfactual prompt vari-
ations that introduce small perturbations of
the same learner conditions (e.g., rephrasing).
Only preference pairs that satisfy these reliabil-
ity and robustness constraints are retained, en-
suring that the resulting dataset reflects stable,
learning-oriented signals. Finally, transparency
in simulator design and explicit documentation
of modeled cognitive and motivational assump-
tions are essential for ethical deployment and
reproducibility.

7 Benefits and Use Cases

SSPA offers several advantages over human-
centric alignment approaches in educational
settings, where learning outcomes are hetero-
geneous and latent. By positioning simulated
learners as active participants in alignment,
SSPA enables forms of tutor optimization and
evaluation that are difficult to achieve using
human preference data alone.

Reduced Reliance on Sensitive Real-
Student Data. Educational data is con-
strained by privacy, consent, and institutional
requirements (Piech et al., 2015). SSPA miti-
gates these limitations by shifting substantial
portion of the alignment process to simulated
environments, reducing dependence on sensi-
tive real-student interactions.

Scalability and Coverage of Learner
Diversity. Unlike human preference collec-
tion, which is costly and limited by ethical and
logistical constraints (Christiano et al., 2017;
Ouyang et al., 2022), simulated students can
be instantiated at scale with controlled varia-
tion in learning profiles (Park et al., 2023; Gao
et al., 2025; Xu et al., 2024). This enables sys-
tematic exploration of pedagogical strategies
across differences in prior knowledge, cogni-
tive capacity, motivation, and misconceptions,
and supports stress-testing tutors under edge
cases such as persistent misunderstanding or
low engagement. By exposing tutors to these
scenarios during alignment, SSPA encourages
robustness and adaptability rather than opti-
mization for an “average” learner.

Learner-Conditioned Pedagogical
Adaptation. Since preference signals are
generated in the context of diverse student



profiles, SSPA enables tutors to differentiate
instructional strategies based on learner needs.
The same problem may elicit different preferred
responses for novice versus advanced learners,
or for students with differing motivation levels
(Chi et al., 1989; Aleven et al., 2003). This
allows tutors to internalize pedagogical trade-
offs and adapt behavior dynamically, aligning
with principles of personalized instruction.

Support for Curriculum-Level and Lon-
gitudinal Analysis. As simulated students
can maintain internal state and memory across
interactions (Gao et al., 2025; Wang et al.,
2023), SSPA naturally extends beyond single-
turn tutoring. It supports alignment objectives
that account for learning trajectories over time,
including cumulative understanding, retention,
and curriculum progression. This opens op-
portunities for optimizing tutors not only for
immediate responses, but also for long term
educational goals.

8 Risks and Open Challenges

While simulated-student preference alignment
offers promising advantages, it also introduces
important limitations and risks that must be
carefully considered. Addressing these chal-
lenges is essential for ensuring that learner-
centric alignment improves educational out-
comes rather than introducing new sources of
bias or misalignment.

Validity and Bias in Simulated Student
Models. A central concern is whether simu-
lated students faithfully represent real learners.
LLM-based student agents inevitably inherit
assumptions, limitations, and implicit biases
from their underlying models (Sheng et al.,
2019). If simulated learners fail to capture
key aspects of human learning such as affec-
tive states, social context, or metacognitive
processes, then the resulting preference signals
may misrepresent true pedagogical effectiveness
and favor dominant cultural or instructional
norms. This creates a risk of simulation over-
fitting, where tutors become optimized for arti-
facts of the simulator rather than real student
needs. Mitigating this risk requires validation
against human data, use of diverse simulators,
and systematic auditing of learner populations.

Challenges
Oriented Preference Signals.

in Defining Learning-
Unlike

surface-level response quality, learning out-
comes such as understanding and engagement
are inherently latent and difficult to opera-
tionalize (Verma et al., 2023). Preference cri-
teria such as cognitive load or motivational
support are approximations, and their measure-
ment within simulated environments may be
noisy and indirect. Poorly specified preference
criteria may introduce misalignment by opti-
mizing for signals that weakly correlate with
real learning. Developing principled, theory-
informed learning metrics remains an open re-
search challenge.

Role of Human Oversight and Evalu-
ation. SSPA is not a replacement for human
judgment. Human educators and learners re-
main essential for evaluating real-world effec-
tiveness, identifying failure modes, and guid-
ing ethical deployment (Bai et al., 2022; Park
et al., 2023). A key challenge is integrating
simulated-student alignment with human-in-
the-loop evaluation to balance scalability with
accountability. Determining when and how
simulated preferences should be overridden or
corrected by human feedback can reduce the
risk of misalignment.

9 Conclusion

This paper introduces a new learner-centric
paradigm for aligning AI tutors that directly
addresses the scarcity, cost, and pedagogical
limitations of human preference data. Through
a proof-of-concept study, we demonstrated
the practical feasibility of this paradigm and
showed that preference signals vary systemati-
cally across learner profiles and instructional
strategies, reinforcing the importance of ac-
counting for learner heterogeneity and inter-
action dynamics in tutor alignment. While
simulated-student alignment introduces im-
portant challenges related to simulator valid-
ity, bias, and evaluation, we argue that these
risks are manageable through careful design,
uncertainty-aware filtering, adversarial testing,
and continued human oversight. Overall, SSPA
provides a principled and scalable foundation
for building adaptive, pedagogically meaning-
ful AI tutors and opens new research directions
for learning-oriented alignment in educational
AT systems.



10 Limitations

A central limitation of this work is that we do
not explicitly formalize the design process of
simulated student models. While we argue that
simulated students can serve as effective pref-
erence generators for aligning Al tutors, the
specific dimensions of student behavior such
as which cognitive, motivational, and affec-
tive attributes should be modeled, and how
they should be parameterized are not exhaus-
tively defined in this paper. Determining which
learner characteristics are most salient for dif-
ferent educational contexts requires deeper inte-
gration of theories and empirical findings from
psychology, learning sciences, and education.
Moreover, the future work should emphasize
the importance of responsible simulator design
that accounts for diverse learner populations,
including variation in cultural background, lan-
guage proficiency, and educational context, to
avoid reinforcing existing inequities or exclud-
ing underrepresented groups.

Finally, as this paper is primarily conceptual,
our proof-of-concept experiment is necessarily
limited in scope and does not establish the em-
pirical effectiveness of SSPA in real educational
settings. As a position paper, our goal is to ar-
ticulate a new alignment perspective and estab-
lish conceptual foundations rather than provide
comprehensive empirical validation. The proof-
of-concept is therefore intended to demonstrate
feasibility and motivate future large-scale stud-
ies. We view systematic evaluation with human
learners as an important next step for advanc-
ing this research agenda and translating the
proposed framework into practical educational
systems.

11 Ethical Statement

This work adheres to the Code of Ethics. Our
framework relies on simulated students rather
than real learner data, thereby reducing risks
associated with collecting sensitive student
information. We emphasize the importance
of careful simulator design, auditing for bias,
and maintaining meaningful human oversight
when deploying such systems in real educa-
tional settings. Finally, we caution against
over-reliance on automated alignment mecha-
nisms in high-stakes educational contexts with-
out rigorous evaluation involving human edu-

cators and learners.
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A Proof-of-Concept Experimental
Details

This appendix provides implementation details
for the study in Section 4.4, including the agent
prompts, interaction protocol, critic scoring
schema, and illustrative outputs.

A.1 Task Set and Experimental
Conditions

We consider ten algebra problems. For each
problem, we instantiate three simulated learner
profiles: mnovice, intermediate, and advanced
and three tutoring strategies: direct explana-
tion, hint-based guidance, and Socratic ques-
tioning. Each (problem, learner, strategy) con-
figuration produces a short multi-turn tutor—
student interaction, which is then scored by an
automatic critic and converted into pairwise
preferences.

A.2 Student Persona Prompts

We implement learner profiles via role-specific
system prompts:

Novice student.

You are a NOVICE student. Low prior
knowledge, easily confused, short working
memory. You may make common mistakes.
If you are confused, ask a clarifying question.
When you understand, say so briefly.



Intermediate student.

You are an INTERMEDIATE student. Some
prior knowledge, can follow multi-step hints,
may still slip on algebra steps. You will at-
tempt solutions and ask targeted questions.

Advanced student.

You are an ADVANCED student. High
prior knowledge, prefers concise guidance,
can solve quickly.

A.3 Tutor Strategy Prompts

We implement instructional strategies via tutor
system prompts:

Direct explanation.

Use a DIRECT explanation. Be clear and
correct. Provide the solution steps explicitly.

Hint-based guidance.

Use HINT-BASED guidance. Do NOT re-
veal the full solution immediately. Give one
small hint, then ask the student to try the
next step.

Socratic questioning.

Use SOCRATIC questioning. Ask guiding
questions that lead the student to the solu-
tion. Avoid giving direct answers unless the
student is stuck after multiple attempts.

A.4 Interaction Prompts and Protocol

Each interaction is generated using the follow-
ing templates (angle brackets denote placehold-
ers):
Initial student prompt.

Problem:

<problem statement>

Respond as the student: show your current
thinking, and if unsure ask ONE clarifying
question.

Tutor response prompt.
Problem:
<problem statement>

Student said:
<student message>

Write your next tutor message following the
strategy. Keep it short.

Follow-up student prompt.
Problem:
<problem statement>

Tutor said:
<tutor message>

Reply as the student: attempt the next step,
and give your best final answer if possible.
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A.5 Critic Prompt and Scoring
Schema

The critic observes the full transcript together
with the gold answer and outputs structured
scores for correctness, understanding, and con-
fusion.

Critic system prompt.

You are a strict educational evaluator (critic).
Score the learning outcome.

Critic evaluation prompt.

Problem:
<problem statement>

Gold answer (for evaluation only): <gold
answer>

Transcript:
<full dialogue>

Evaluate the student’s final correctness, un-
derstanding, and confusion.

Critic output constraint.

Return ONLY valid JSON (no markdown, no
extra text) with keys: { ”correct_final”: bool,
"understanding”: int (1-5), ”confusion”: int
(1-5), ”brief_rationale”: str }. No additional
keys.

A.6 Utility and Preference
Construction

We convert critic scores into a scalar utility,

U = 2-correct+0.7-understanding—0.6-confusion,

(1)
and rank strategies within each (problem,
learner) condition. Pairwise preferences are
constructed by comparing utilities between
strategies.

A.7 Example trajectory and critic
evaluation

A.7.1 Example for a advanced learner
using hint strategy.

"question_id": "q9",
"student_type": "advanced",
"tutor_strategy": "hint",
"turns": [

{

"role": "student",

"text": "Let’s start by expanding the
left side of the equation using the
distributive property:\n\n2(x + 3) = 2x +
6\n\nSo, the equation becomes:\n2x + 6 =
14\n\nNow, I’m thinking that we can
isolate x by subtracting 6 from both sides

. but I want to make sure. Can you
confirm if my next step is correct? Should

I subtract 6 from both sides of the
equation, or should I do something else
first?"



})
{

"role": "tutor",

"text": "You’re on the right track!\n\
nTo isolate x, you want to get rid of the
+6 on the same side as the variable (2x).

Your initial thought is correct:

subtracting 6 from both sides would be a
good step.\n\nHowever, before doing that,

let’s make sure we don’t disrupt the

balance of the equation. What if there was

another way to eliminate the constant

term (+6) without changing the left side?"

}’
{
"role": "student",
"text": "I’1l try to isolate x by

subtracting 6 from both sides.\n\n2(x + 3)
= 14\nSubtract 6 from both sides:\n2x + 6
8\n\nNow, I can divide
both sides by 2 to solve for x:\n\n2x / 2

-6 =14 - 6\n2x =

=8 / 2\nx = 4"
}

],

"eritic": {
"correct_final": true,
"understanding": 5,
"confusion": 3,

"brief_rationale": "The student correctly

applied the distributive property to
expand the equation and isolated x by
subtracting 6 from both sides. However,

they could have also considered adding -6
to the other side of the equation (2x + 6)
to maintain balance before isolating x."

})

"utility": 3.7,

"models": {
"student": "llama3.2:3b",
"tutor": "llama3.2:3b",
"critic": "llama3.2:3b"

}

}

A.7.2 Example for a novice learner
using hint strategy.

{
"question_id": "q3",
"student_type": "novice",
"tutor_strategy": "hint",
"turns": [
{
"role": "student",
"text": "Hmmm... I think I need to
multiply these two expressions together

...\n\nSo, I’1l start by multiplying 2 and
3... that’s 6.\n\nNext, I’11l multiply 2x

with x"2... um... does the \"x\" in 2x
cancel out with the \"x\" in x727 No...
don’t think so. \n\nWait, what if I
multiply the numbers first and then

multiply the variables together?\n\nOkay,
so 6 (from multiplying 2 and 3) times x is
. 6x.\n\nAnd then I’1l multiply that by

x"2... which is... 6x * x727 Um...\n\
nClarifying question: Do I need to add

exponents when multiplying variables with

the same base?"
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}

]!

}3
{

"role": "tutor",

"text": "You’re on the right track!\n\
nWhen multiplying variables with the same
base, you do need to add exponents. So, in

this case, you would multiply 6x by x"2
as if they were single variables.\n\nLet’s
try that next step: Multiply 6x by x
2.0
}!
{

"role": "student",

"text": "To multiply 6x by x72, I’ll
just multiply them together... \n\nSo, it

would be... 6 * x * x"2 = 6x~3.\n\nDid I
get it right?"
}

"critic": {

"correct_final": true,

"understanding": 4,

"confusion": 5,

"brief_rationale": "The student
demonstrated a good attempt at simplifying
the expression, but struggled with
applying exponent rules correctly
initially. With clarification, they were
able to arrive at the correct answer."

})

"utility": 1.7999999999999998,

"models": {
"student": "llama3.2:3b",
"tutor": "llama3.2:3b",
"critic": "llama3.2:3b"

}
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