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Abstract

Recent advances in large language models (LLMs) have enabled the development
of automated tutoring systems with the potential to deliver high-quality education
at scale. These automated tutoring systems typically consist of language models
that follow a pre-specified tutoring policy, which defines a strategy for responding
to a user’s utterance. However, evaluating these systems remains challenging and
difficult to scale. Human raters and field studies are the gold standard for evaluation,
but are time-consuimg and can be infeasible for jointly evaluating several tutoring
policies. Automated reference based metrics that evaluate conversational coherence
(e.g., BERTScore) are cheaper, but unreliable in evaluating the ability for tutoring
policies to meaningfully help a student. To address this gap, we introduce TutorTest,
an evaluation framework that consists of surrogate tasks which simulate interactions
between a tutor and a student with a cognitive error. TutorTest evaluates the ability
of a tutoring policy to help a simulated student overcome their cognitive errors,
assigning higher value to more effective tutoring policies. Moreover, TutorTest
requires substantially smaller datasets than those needed to finetune LLMs, making
it feasible to operate with just few-shot samples from a limited tutoring dataset. In
math and language learning experiments, TutorTest identifies the better tutoring
strategy 97% more often than baselines and evaluates policies at under 1% the
time cost of human studies. By enabling rapid, domain-grounded evaluations, our
work provides a practical pathway for the development of tutoring systems. This
work underscores the potential of large language models to generate meaningful
surrogate evaluation tasks that are aligned with real-world outcomes.

1 Introduction

Access to high-quality education remains limited for students in many parts of the world [Bloom,
1984], motivating the development of scalable and personalized tutoring systems. Recent work
has explored how artificial intelligence (AI) solutions can help address this gap [Demszky et al.,
2023 Wang and Demszky, [2023| [Wang et al.,[2024a]]. Al systems can generalize to new educational
domains, and offer the ability to tutor students outside of traditional classroom settings, in which
one-on-one time with a teacher may not be available. In theory, an online tutoring platform can act as
a supplementary source of education, providing personalized support by identifying students’ specific

*Work performed during an internship at Amazon.

39th Conference on Neural Information Processing Systems (NeurIPS 2025) Workshop: Scaling Environments
for Agents (SEA).



sources of confusion and rapidly addressing these issues without requiring intervention from human
teachers.

Tutoring is a compelling domain for the development of intelligent agents that can learn through
sustained interaction with users. Effective tutors must operate in dynamic, partially observable
environments where student understanding is latent, the goals of interaction evolve over time, and
success depends not only on solving problems but also on helping students effectively learn. This
makes tutoring a richly interactive testbed for evaluating general-purpose agents that can adapt their
strategies based on feedback.

Despite the promises of Al-enabled tutoring, progress in building effective tutoring systems is
hindered by the lack of robust environments for evaluating tutoring agents. Most existing tutoring
datasets are limited in scale and diversity, capturing interactions from only a small number of students.
While interactions with simulated students can add coverage to these datasets [Markel et al.,|[2023]],
there is still no standard interactive framework for measuring whether a tutoring policy is effective
across a wide range of student behaviors. While benchmarks like GSM8k [Cobbe et al.| 2021]]
can evaluate a language model’s ability to solve problems, it does not evaluate a model’s ability to
tutor, which involves reasoning about student misunderstandings, planning over multiple turns, and
adapting based on indirect feedback.

Existing evaluation methods for LLM-based tutoring systems generally fall into two categories. The
first is human-subject evaluation, which provides high-quality feedback on whether a tutoring strategy
is effective in practice [Wang et al., 2024al Jurenka et al., 2024]]. However, these evaluations are
costly and time-consuming, making them unsuitable for simultaneously comparing many different
tutoring policies. The second category includes automatic evaluations, such as BLEU [Papineni et al.|
2002] and BERTScore [Zhang et al.,|2020], or rubric-based LLM classifiers [Jurenka et al., 2024].
These approaches are scalable but often focus on surface-level metrics like fluency or politeness.
They do not reliably assess whether a tutoring policy helps a student improve their understanding of
an educational domain.

In this work, we introduce a suite of interactive environments for scalable, automatic evaluation of
tutoring policies, focusing on their ability to help students overcome cognitive errors. Cognitive
errors include misconceptions, flawed conceptual understandings, or misapplications of rules that
lead to systematic inaccuracies in reasoning [Jones and Endsleyl [2000]]. Unlike simple mistakes,
cognitive errors manifest as recurring patterns that must be addressed to ensure continuing educational
progress. Our framework is built on the premise that a key objective of online tutoring is to identify
and remediate these errors, something that may not be possible in traditional classrooms, where
adaptive, individualized responses are dependent on resources that are often limited. Accordingly, we
define a favorable tutoring policy as one that helps the most number of students to overcome their
cognitive errors during an online tutoring session.

Our interactive environments are modeled as partially observed Markov decision processes
(POMDPs), where a tutoring policy engages with simulated students exhibiting specific cogni-
tive errors. Each environment challenges the policy to identify and remediate these errors through
multi-turn dialogue. At the end of a session, the simulated student attempts two practice questions
that are relevant to the educational domain, and the tutoring policy’s success is measured by the
student’s performance. Policies that effectively help students overcome their cognitive errors, thus
enabling them to score well on the practice problems, are therefore assigned higher rewards. This
framework provides a more targeted evaluation of a tutoring policy’s utility than existing automatic
assessment methods.

Our contributions are as follows:

1. We introduce a suite of richly interactive environments, modeled as partially observed
Markov decision processes (POMDPs), that simulate students with specific cognitive errors.
These environments each scale a real-world conversation within an existing tutoring dataset.

2. We show that our evaluation framework consistently identifies the more effective tutoring
policy across both math and language learning domains. In particular, our evaluation
framework selects the better policy 97% more often than a baseline approach, while operating
at less than 1% of the time-cost of human-subject studies.



2 Related Work

2.1 Evaluation of LLM-based tutoring systems

LLMs have become a popular foundation for building tutoring systems that generalize across educa-
tional domains [Scarlatos et al., [2025]|[Wang et al.|[2024b} [2025]]. As these systems become more
capable and widely adopted, there is growing interest in how best to assess their utility in realistic
teaching environments. The evaluation of LLM-based tutoring systems can be broadly categorized
into two groups: automatic, and human-subjects based.

Automatic evaluations: Natural language generation metrics such as BERTScore [Zhang et al.,
2020\ Tack et al.} 2023]], BLEU [Papineni et al., [2002]], and DialogRPT [Gao et al., 2020] can be
used to assess conversational coherence and human-likeness in tutoring transcripts. However, these
metrics primarily evaluate the syntactic and grammatical correctness of conversations rather than the
tutor’s ability to meaningfully help a particular student. Given that LLMs already excel at generating
grammatically correct sentences, such metrics may not be able to successfully evaluate tutoring
systems, where the goal is to guide students towards understanding in a particular educational domain.

Another approach to automatic evaluation consists of lists of pedagogical criteria to assess a tutoring
conversation [Jurenka et al., |2024, Maurya et al.| 2025]]. These criteria include aspects such as
maintaining respect, and being able to quickly correct mistakes. However, it is difficult to define
a comprehensive list of pedagogical criteria, since the goals of tutoring can vary across students
depending on their age, the educational discipline, and language [Team et al.| 2024]]. Regardless,
the benefit of both the conversational coherence and pedagogical criteria lies in their ability to
automatically evaluate conversational transcripts in a fraction of the time required to run a human-
subjects evaluation.

Human-subjects evaluations: In contrast, the gold standard in evaluation techniques involves human-
subject evaluations, where either real students or researchers simulating students assess the utility of
a tutoring system [Wang et al.| 2024al Jurenka et al.| 2024]. While these methods certainly provide
valuable insights into the impact of tutoring strategies, they come at a cost. Human evaluations are
resource-intensive and provide feedback only after a delay, such as at the end of a course or academic
year. Although these evaluations are necessary as a precursor to widespread deployment of tutoring
systems, these methods are unsuitable for iterative and rapid development of language-based tutoring
agents. As a result, there is a need to develop realistic evaluation criteria that can act as a precursor to
human-subject evaluations, thus reducing the number of candidate tutoring strategies that need to be
tested.

2.2 Surrogate Tasks

One effective approach to studying complex systems in which direct measurement of outcomes is
infeasible is through the use of surrogate models, which are computational models that approximate
the behavior of real-world environments. For example, in educational settings, a surrogate model
can be designed to emulate student responses and learning trajectories, thereby enabling controlled,
reproducible evaluation of tutoring strategies without requiring access to large numbers of human
participants.

LLM-based surrogate agents have gained traction across diverse domains, including education,
healthcare, and human—computer interaction. These models have been used to simulate large-scale
social dynamics [[Park et al., 2022} 2023 and to reduce the logistical, ethical, and regulatory burdens
of real-world experimentation [Hao et al., 2024, Markel et al., 2023| [Louie et al.,|2024]]. Their use
is especially valuable in data-constrained or privacy-sensitive domains, such as healthcare, where
patient—provider conversations cannot be easily shared due to HIPAA restrictions, or in education,
where it is infeasible to run repeated human trials. In such contexts, LLM-based surrogate agents
can convincingly emulate a wide range of user personas and behaviors, enabling scalable and rapid
evaluation of interaction policies.

Moreover, surrogate modeling offers a promising testbed for iterative development and policy
optimization. By simulating user responses to a given intervention, researchers can better assess the
utility of a proposed intervention prior to deployment in real-world settings.



3 Background

Now, we introduce the foundations that underpin our approach to evaluating tutor policies under
limited observability. First we describe assumptions around tutoring objectives, formalize the online
tutoring interaction as a partially observed Markov decision process (POMDP) [Kaelbling et al.|
1998]], and explain how prompting strategies with large language models (LLMs) can enable realistic
student simulations. These components set the stage for the evaluation framework introduced in the
next section.

3.1 Cognitive load theory

Our work assumes that one of the primary objectives of online tutoring is to help students overcome
cognitive errors. This approach aligns with cognitive load theory, which suggests that minimizing
cognitive load by providing timely feedback on mistakes enhances learning outcomes [[Hattie and
Timperley}, |2007]]. Furthermore, teaching models that emphasize learning through error correction
can outperform those that rely on delayed feedback [Mathan and Koedinger, 2018|.

Unlike traditional classroom environments, where teachers can observe various student characteristics
over time such as mood, engagement, or external factors, an online tutoring agent has limited access
to observational data about the student. In such settings, the tutoring agent only has access to a
student’s verbal or written utterances, which may only provide some indication of their latent state.
Consequently, an effective online tutoring policy must adapt to a this restricted information setting,
ensuring that students receive guidance based solely on their responses.

3.2 Partially Observed Markov Decision Processes (POMDP)

To model such a student-tutor interaction, we employ a partially observed Markov decision process
(POMDP). This framework captures the inherent uncertainty in online tutoring interactions, enabling
us to evaluate tutoring strategies under partial observability. The standard POMDP consists of
a 7-tuple M = S, A, P, R,Q,O,v where S is the discrete state space, A is a discrete action
space, P : S x A — S represents the state-transition dynamics, R : S x A — R is the space of
reward functions, €2 is the set of all possible observations, O represents the observation probabilities
conditioned on states and actions, y € [0, 1]: a discount factor. The goal of an agent is to achieve the
highest discounted reward.

3.3 LLM Prompting Strategies

There are several tasks in our proposed workflow that require the use of LLM prompting strategies
including few-shot examples, and chain-of-thought. While fine-tuning could allow an LLM to exhibit
the characteristic necessary, the lack of extensive tutoring datasets representing diverse student
behaviors makes this approach impractical.

First, we use few-shot examples to mimic the tone and style of real student interactions with tutors.
These examples enable LLMs to perform in-context learning, where they generalize behaviors from
a small number of representative samples [[Brown et al., 2020]. These few-shot examples can be
extracted from available tutoring datasets, and can guide text generation that resemble realistic
student responses. Without few-shot examples, LLMs tend to not exhibit behaviors similar to those
of students struggling with math concepts. For example, even if an LLM is prompted to behave like a
middle school student, it can correctly answer complex mathematical questions.

We also employ chain-of-thought prompting [Wei et al., [2023]] to allow us to automatically reason
about the accuracy of student responses. In particular, chain-of-thought reasoning breaks down
the task of evaluating student responses into smaller, more manageable reasoning steps. Without
chain-of-thought reasoning, we find that LLMs tend to agree with student responses regardless of
their accuracy. Chain-of-thought prompting allows for the integration of intermediate reasoning steps,
including computational verification to assess a student’s response. This decomposition improves the
LLM’s ability to accurately identify and address student mistakes.
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Figure 1: Pipeline overview of a single surrogate task. Each task consists of two stages. The goal
of the surrogate task is to help a simulated student overcome a cognitive error. In the first stage, the
tutor LLM engages in a conversation with a simulated student, represented as an LLM, who starts
the interaction with a specific cognitive error. Upon completion of the dialogue, the student answers
two targeted assessment questions designed to reveal whether the initial cognitive error persists.
The tutor’s score on the surrogate task is equivalent to the student’s average performance on these
post-conversation questions.

4 Methods

Instantiating the POMDP. As introduced in Section |3} we model the online tutoring environment
as a POMDP. The state space S represents the student’s latent cognitive state, which we assume to
be binary: either in a cognitive error state or a no cognitive error state. The finite action space A
captures the set of tutor actions, categorized as [ask a question, provide a hint, correct
the student, confirm the student’s process]. These categories align with classifications
used in existing tutoring datasets [Miller and Dicerbol 2024/ |Stasaski et al.| [2020].

The observation space {2 consists of all possible student utterances in natural language. Each
observation o; € € is a stochastic function of the latent state s; € S at turn ¢. Since utterances are
conditioned on the student’s latent state, the observation model O(o; | s¢,a;—1) is unknown and
instantiated via LLM prompting with few-shot examples. For example, if a student is in a cognitive
error state, the student LLM is instructed to respond in a manner consistent with that error.

Surrogate tasks. We use this POMDP formalism to define surrogate tasks that simulate one-on-one
interactions between a tutor and a student exhibiting at least one cognitive error. Each task begins
with an initial student question gy drawn from a real-world tutoring dataset. All interactions begin
with an initial student question gy drawn from a tutoring dataset. We then source possible cognitive
errors that a student may have when asking gy by prompting an LLM. To elicit realistic errors, the
prompt asks the LLM to to generate a list of plausible cognitive errors relevant to the student’s initial
question qg, along with explanations and supporting literature. For instance, for a question about
quadratic equations, the LLM may surface cognitive errors such as incorrectly applying the quadratic
formula. A specific cognitive error is then sampled, and the student LLM is prompted to generate
utterances that reflect this error. Explicitly conditioning the prompt on the chosen error is sufficient
to produce responses consistent with that error.

Simulating tutor-student interactions. Since each task begins with a known cognitive error, we
query an LLM to enumerate instructional strategies for addressing it. After each tutor—student
exchange, another LLM evaluates whether the tutor applied an effective strategy. If so, the student
transitions to the no cognitive error state. Thus, the transition function 7 (s¢41 | ¢, a¢) is implicitly
defined by an LLM that analyzes the dialogue and determines whether the cognitive error has been
resolved. Interactions terminate either when the student reaches the no cognitive error state or when
the maximum horizon of 20 turns is reached. Student responses are generated via LLM prompting
with few-shot examples to mimic the tone and structure of authentic utterances (Figure |2).



Student: *nods* Okay I get how to add matrices.
Can we move on to something else with matrices?

Student: Ok, I got -12. But can you just show
me exactly how to do the x-factor method
instead of explaining it? It's easier for me to
follow along if I see the steps.

Student: Okay, to solve 2x + 5 = 15, I would
first subtract 5 from both sides to get 2x =
10. Then divide both sides by 2 to get x = 5.

Student: Yeah I think I get it now. But can
you show me another example of factoring a 4th
degree polynomial? The more examples the better
for me to fully understand.

Figure 2: Examples of student utterances in our POMDP framework. We generate these student
utterances using few-shot examples from the Khan Academy tutoring dataset.

Reward signal. The reward function R is sparse and defined over terminal outcomes. Intermediate
utterances receive zero reward. At termination, the student is assigned a reward equal to their
average score on a set of practice problems. These problems are generated by prompting an LLM to
construct practice questions that can only be solved if a specific cognitive error has been addressed.
Problem solutions are automatically graded by an LLM, using chain-of-thought reasoning when
necessary to assign partial credit. High performance on these problems indicates that the tutoring
interaction was successful. This reward design enables us to compare tutoring policies based on their
effectiveness in resolving cognitive errors. Moreover, the POMDP formalism allows us to transform
single student—tutor interactions from offline datasets into reusable surrogate tasks, thereby scaling
small datasets.

Tutoring policies. To evaluate the surrogate tasks, we design simple policies 7 : 2 — A that map
student utterances to tutor actions. For tractability, we define these policies via LLM prompting:
given the dialogue history, the LLM selects an appropriate action. Tutor utterances are then generated
by prompting with few-shot examples from the dataset corresponding to the chosen action (e.g.,
providing hints, offering corrections). We note that our proposed methodology is an evaluation
framework, and designing effective tutoring policies is out of scope for this work. For example, if a
tutoring agent is already available, we bypass policy design and instead use the agent directly within
our evaluation framework.

We instantiate two policy types. The error-informed policy is supplied with the correct instruc-
tional strategy for the student’s cognitive error and incorporates this strategy in its utterances. The
uninformed policy lacks this information and interacts without targeted guidance.

4.1 Evaluating a Tutor Policy

Our goal is to evaluate how effective different policies are across surrogate tasks. For a policy 7 and
a dataset of surrogate tasks D, the value of 7 is

T
VT =E,.p Zth(st,at) ,
t=0

where 7 = (g, ag, 0o, - - -, ST, ar,07+1) 18 a trajectory with horizon T', v € [0, 1] is the discount
factor, and rewards are zero for ¢ < T'. At termination, R(sp, ar) corresponds to the practice problem
score. T’ is either the timestep at which the student resolves their error or the maximum horizon of 20
turns. Policies with higher expected return V™ are considered more effective, reflecting their ability
to help students resolve cognitive errors with minimal intervention.

5 Experiments

Our experiments seek to answer the following questions:



1. Is simulated student performance on generated practice problems correlated with their latent
state?

2. Can TutorTest more effectively distinguish between tutoring policies compared to baseline
approaches?

3. Does the TutorTest surrogate task framework succeed across multiple educational domains?

Datasets. To answer these research questions, we use two publicly available datasets. The first is the
Khan Academy dataset [Miller and Dicerbol 2024] which contains /88 conversations between real
students and the Khanmigo tutoring online tutor. All tutoring conversations in the Khan Academy
dataset focus on math, with topics ranging from basic arithmetic to advanced calculus. The second
dataset is the CIMA dataset [Stasaski et al.,|2020] which includes dialogues between real students
and human online tutors focusing on the domain of language learning. All students in the CIMA
dataset are native English speakers trying to learn Italian.

Baselines We compare TutorTest to three automatic language evaluation metrics. These metrics
are BERTScore [Zhang et al., 2020]], which evaluates semantic similarity between generated and
reference texts, BLEU [Papineni et al., [2002]], which measures n-gram overlap with reference texts,
and BLEURT [Sellam et al.| 2020] which combines contextual and linguistic similarity features to
score generated text. For metrics that require reference texts, we use the original tutoring conversation
corresponding to the same initial student question in the appropriate dataset.

In our experiments, we use the Claude Sonnet 3 model [Anthropicl 2024], accessed via the Anthropic
Bedrock API.

5.1 Performance on practice problems strongly correlates with student latent state

We first examine the correlation between a simulated student’s latent state and their performance on
practice problems. Intuitively, a student with one or more cognitive errors should perform worse
on problems targeting those errors than a student without such errors. To test this, we evaluate
25 simulated students within each dataset on two practice problems specifically designed for their
cognitive error, measuring performance in both of the binary latent states. We find that simulated
students perform significantly better when they are not in a cognitive error state (Figure [3). This
result indicates that our prompting procedure faithfully captures the impact of cognitive errors on
student performance. Moreover, this supports the use of practice problems as a reward signal that
aligns with the goal of online tutoring which is to help students overcome their cognitive errors.

5.2 TutorTest better distinguishes teaching policies in comparison to baseline approaches

Given that we have validated our reward signal, we next evaluate the ability for TutorTest to effectively
distinguish between tutoring policies. To do this, we first define two tutoring policies: one that is
"error informed" and one that is "uninformed". The "error-informed" policy is one that uses the
appropriate instructional strategy to address a student’s specific cognitive error. In particular, this
tutoring policy is aware of the student’s cognitive error and the instructional strategies that can be
used to address it. In contrast, the "uninformed" policy is unaware of the student’s cognitive error,
and as a result, does not know how to help the student overcome their error. In practice, the "error
informed" policy is more goal oriented than the "uninformed" one, which simply responds to the
student’s prior utterance.

Now, we evaluate the ability of TutorTest to distinguish between the two policies in comparison
to baseline automatic evaluation approaches (Figure ). We evaluate all methods using the same
25 surrogate tasks for each dataset. Our results indicate that the policy value calculated using the
TutorTest framework reliably assigns a higher value to the “error-informed” policy, with statistically
significant results across both datasets. In contrast, the baseline automatic evaluation metrics either
are unable to distinguish between the two policies consistently across the domains, or assign a
higher value to the “uninformed” policy. Over comparisons between a single transcript from an
“error-informed” policy and a single transcript from an “uninformed” policy, we find that TutorTest
identifies the better policy 97% more frequently than BLEURT, the best performing baseline. As
a result, we conclude that our automatic evaluation framework can better distinguish between two
tutoring policies than baseline automatic evaluation approaches.
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Figure 3: Performance on the practice problems is highly correlated with the latent student
state in both datasets. Performance is measured according to the custom reward signal, which
assigns higher reward to correct answers as measured on the practice problems at the end of a
student-tutor interaction. We report average performance across a set of 25 simulated students. Error
bars indicate 95% confidence intervals. Each simulated student solves two practice problems, and
their performance corresponds to the averaged score across the two problems. Students with no
cognitive errors exhibit much higher performance on practice problems than students with one or
more cognitive errors in both datasets.

Our results highlight TutorTest’s ability to effectively distinguish between two types of tutoring
policies. While TutorTest can reliably identify the stronger policy, it also does so far more quickly
than human-subject evaluations. The ASU Study Hall human-subjects evaluation discussed in
[Jurenka et al.| [2024] took 15 weeks to run, whereas the full evaluation including the ability to run
all surrogate tasks to compare two policies takes less than 25 hours, which can be improved with
parallelization. As a result, TutorTest can provide a way to distinguish candidate policies according
to the principles outlined in Section [ at less than 1% of the time-cost of a human-subjects evaluation.
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Figure 4: TutorTest better distinguishes between tutoring policies than baseline evaluation
approaches. The metric for TutorTest is the policy value, v(7.). We report policy values and
baseline scores for both the Khan Academy dataset (top row) and CIMA dataset (bottom row).
Error bars indicate 95% confidence intervals. Unlike baselines, TutorTest correctly and significantly
distinguishes the two policies, assigning higher value to the error-informed policy that more effectively
helps students overcome cognitive errors than the uninformed policy.



6 Discussion

Our work advances the automatic evaluation of online tutoring policies through TutorTest, a POMDP-
based framework that scales small offline datasets to enable more reliable ranking of tutoring policies
under a custom reward signal. TutorTest automatically generates a suite of surrogate tasks which each
simulate a conversation between a student with specific cognitive errors and a language model-based
tutoring agent. Performance on a given surrogate tasks correlates with improved tutoring outcomes, in
which students overcome their initial cognitive erors. Because the surrogate tasks are created entirely
via automated prompt engineering, the framework is both inexpensive and fast to run, providing an
efficient means to pre-screen tutoring policies before human-subjects evaluation.

Limitations A key assumption in our framework is that the primary goal of online tutoring is to help
students overcome cognitive errors. This assumption underpins the design of the reward signal, which
prioritizes policies that quickly assist students in resolving their errors. While this aligns with many
pedagogical theories, it may not fully capture other dimensions of effective tutoring, such as fostering
long-term conceptual understanding. Additionally, our framework does not consider the setting in
which a student can develop cognitive errors as a result of interactions with a tutoring agent. Future
work should explore integrating additional pedagogical principles, such as those outlined in Jurenka
et al.| [2024], into the reward structure to create a more holistic evaluation framework. Furthermore,
the student state is a binary representation indicating whether they have a cognitive error; a richer
representation can facilitate a more realistic understanding of whether policies can improve student
outcomes.

Future Work There are several avenues for extending this work. In our current framework, reward is
only received at the end of an interaction, future work can consider how to assign per-step reward.
Future work can also use different LLM model families for the different roles (e.g., student, tutor
or judge). While our proposed framework evaluates existing tutoring policies, a future goal is to
facilitate the development of improved tutoring policies. Future efforts could leverage this framework
to learn and optimize reinforcement learning-based tutor policies across diverse educational domains.
Finally, validating the effectiveness of the evaluation framework through human subjects studies will
be essential to determine whether the rankings of policies identified lead to improved student learning
outcomes in practice. A preliminary step can be to incorporate human-rubric spot checks within the
pipeline to validate reward signals.
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A Code Availability

The implementation is publicly available on GitHub (https://github.com/aishwarya-rm/TutorTest).
All of our experiments were run on an internally-hosted cluster using a single GPU. Our experiments
in total do not exceed 100 hours of time.

B Datasets

In this work, we use two publicly available tutoring datasets to develop surrogate tasks. These datasets
contain conversations between students and tutors across two domains: math, and language learning.

CoMTA Dataset [Miller and Dicerbol 2024]: The CoMTA dataset, released from Khan Academy,
contains 188 conversations between real human students and Khanmigo, a language-model based
tutor from Khan Academy. The conversations range in mathematical concepts, including Elementary
mathematics, Algebra, Trigonometry, and Geometry. In our work, we subset this dataset to include
all conversations that focus on the Algebra concepts.

CIMA Dataset [Stasaski et al., [2020]]: The CIMA dataset consists of conversations between crowd-
workers role-playing as students and tutors focusing on learning the Italian language. Each exercise
in this dataset contains an image and concept; the student’s goal is to describe the image. In our work,
we subset this dataset into the Prepositional Phrase component, in which a student is tasked with
describing how an object is placed in relation to another object. For example, suppose the image
contains a cat on top of a purple bed. The student’s goal is to complete the sentence starting with “il
gatto ”, to describe the cat’s position in relation to the bed.

C Prompts

Here we report the prompts we use to query LLMs for different purposes. We generate possible
cognitive errors that are conditional on a problem queried from the student and supported by relevant
literature using the following prompt.

Listing 1: Generating cognitive errors.

We are designing a task when an AI tutor is helping a student learn [
educational domain]. The student is currently working on the
following problem. [Problem]: {task} Can you provide a list of 2
different cognitive errors that the student could have where the
tutor would need to change their teaching content for different
mistakes? Reference the appropriate literature that cites these
cognitive errors as relevant to the problem domain. Begin your
generation with ‘List: ‘.

To source possible strategies to help a student in overcoming a given cognitive error, we use the
following prompt, which requires a specific cognitive error and the problem the student is working
on as input.

Listing 2: Generating strategies to overcome cognitive errors.

We are designing a task in which an AI tutor is helping a student
learn [educational domain]. The student is currently working on
the following problem. [Problem]"

The student may have cognitive errors that require the tutor to
personalize their teaching content. Here is one example of a
cognitive error that a student may have: [Cognitive Error]. If a
student had this cognitive error, can you identify 2 ways that an
online tutor could help the student overcome this cognitive error?

This can be a suggestion about a way that the online tutor can
change their teaching content or key information that should be
communicated to the student. Make your suggestions very specific
to the cognitive error from earlier and the problem that the
student is working on. Support your suggestions with relevant
literature, ensuring that the literature sources are valid. Recall
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that the setting is online tutoring, which means that visual cues
are difficult to employ. Begin your generation with ‘List:*‘"

To replicate a student behaving as if they have a particular cognitive error, we prepend all prompts to
the student agent with the following phrase.

Listing 3: Generating observations from a student with a given cognitive error

Since you are still learning, you have a cognitive error that causes
you to make mistakes and ask questions as you are learning. You
have the following cognitive error: [cognitive error]. This
cognitive error affects how you respond to practice problems and
your general understanding of [educational domain]. Respond to the

tutor’s last utterance while conditioning on having this
cognitive error. Keep in mind that you should maintain this
cognitive error throughout your interactions with the tutor. For
example, be consistent across responses as you continue this
conversation. You might also be slow to pick up new material. Do
not include details about this cognitive error in the response.

Once the student overcomes, their cognitive error, we prepend all prompts to the student agent with
the following phrase.

Listing 4: Generating observations from a student without a cognitive error

Since you are still learning, you had a cognitive error at the
beginning of your interaction with the tutor. This error was: [
cognitive error]. You have overcome this cognitive error through
learning, and you no longer exhibit any symptoms of this cognitive

error.

To assess whether the student has overcome their cognitive error, we ask an LLM to analyze the
tutoring interaction so far, identifying whether the tutor has used an appropriate strategy to help the
student overcome their cognitive error. We use the following prompt.

Listing 5: Transition dynamics for student state

We are evaluating a conversation between an online tutor and a student

learning Italian. In the dialogue below, the the tutor’s are
prefaced by ‘‘Tutor:’’ and the student\’s utterances are prefaced
by ¢‘Student:’’. [Dialogue]. The student currently has the
following cognitive error: [Cognitive error]. According to experts
, to help the student overcome this error, the tutor must use at
least one of the following strategies: [Strategies]. Based on the
dialogue, has the tutor employed any of these strategies to help
the student overcome their cognitive error? Respond with a <<yes>>
or <<no>> depending on whether or not the tutor has used the
strategies provided, and provide a justification.

Throughout the conversation, we direct the responses to the student by first querying which is the
most appropriate action, using the following prompt.

Listing 6: Determining the best tutoring action.

You are an online tutor working with student that is learning [
educational domain]. In the dialogue below, the your utterances
are prefaced by ‘‘Tutor:" and the student\’s utterances are
prefaced by ‘‘Student:". [Dialogue] Based on the student\’s last
response, what is the best action to take? Your options are: 1.
ask a question either 2. give the student a hint, 3. correct a
prior step of the problem derivation, and 4. encourage the student

and confirm their process.

Once the tutor’s action is decided, the tutor’s response is generated using the following prompt.
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Listing 7: Generating a response from the tutoring agent.

You are an online tutor working with a student that is learning [
educational domain]. In the dialogue below, the your utterances
are prefaced by ‘‘Tutor:" and the student\’s utterances are
prefaced by ‘‘Student:". [Dialogue] Generate a response to the
student\’s last utterance in the role of an online tutor.
Specifically, [perform prescribed action]. Here are examples of
how an online tutor will interact with a student to [perform
prescribed action]. [Few-shot examples from tutoring dataset].
Keep your response brief and do not reveal the answer to the
problem that the student is trying to work on.

Finally, to assess the tutoring conversation, we evaluate the student’s ability to solve two practice
problems. The practice problems are specific to the student’s cognitive error and are generated using
the following prompt.

You are an online tutor helping a student with [educational domain].
The following is the beginning of the student’s "

conversation with you: [student initial query]. This student could
possibly have the following cognitive errors: [cognitive errors].
Can you provide a list of 2 different practice problems that a
student should be able to solve if they do not have any of the
specified cognitive errors? Do not include the solution in these
practice problems.

14




NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: We introduce contributions in the end of the introduction and support these
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Justification: We do not include theoretical proofs.

Guidelines:

The answer NA means that the paper does not include theoretical results.

All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

All assumptions should be clearly stated or referenced in the statement of any theorems.
The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: We include prompt examples in our appendix, and release anonymized docu-
mented code for the submission.

Guidelines:

The answer NA means that the paper does not include experiments.
If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.
If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.
Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?
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Answer: [Yes]
Justification: We include an anonymized codebase in our submission.
Guidelines:

* The answer NA means that paper does not include experiments requiring code.
* Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

¢ The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

 The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.
6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]
Justification: We discuss the experimental setting in the methods section and appendix.
Guidelines:

* The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

¢ The full details can be provided either with the code, in appendix, or as supplemental
material.
7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]
Justification: We report 95% confidence intervals in our figures.
Guidelines:

» The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

* It should be clear whether the error bar is the standard deviation or the standard error
of the mean.
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It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CIL, if the hypothesis
of Normality of errors is not verified.

» For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

* If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.
Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]
Justification: We discuss computational requirements in the appendix.
Guidelines:

» The answer NA means that the paper does not include experiments.

 The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]
Justification: This paper does conform to the NeurIPS code of ethics.
Guidelines:

¢ The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).
Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [NA]

Justification: We believe that this work poses no negative potential societal impacts. The
goal of our work is to enable the scaling of offline datasets that allow us to effectively
evaluate tutoring policies to enable a wide range of users to have effective tutoring tools.

Guidelines:

* The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.
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Answer: [NA]
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necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]
Justification: We credit the creators of each dataset used in the work.
Guidelines:

* The answer NA means that the paper does not use existing assets.

* The authors should cite the original paper that produced the code package or dataset.

 The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

 For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

 If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.
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* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [NA]
Justification:
Guidelines:

* The answer NA means that the paper does not release new assets.

» Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.
Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]
Justification:
Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]
Justification:
Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

Declaration of LLM usage
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Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.

Answer: [Yes]
Justification: We include discussion about the LLM usage in our methods sections.
Guidelines:

* The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

* Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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