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1 Introduction

In traditional classrooms, the teaching—learning process unfolds through multi-round inter-
actions between teachers and students (Fan et al., [2018; Rafferty et al., [2016). We consider
the setting where a teacher aims to guide a student toward mastering a specific hypothesis
by sequentially providing examples. Each example contributes differently to the student’s
understanding and may influence how subsequent examples are perceived. Thus, the careful
selection and ordering of examples can significantly accelerate student learning.

Our initial objective is to design a probabilistic pedagogy model that captures this iter-
ative teaching—learning process. Building on this model, we propose to evaluate the contri-
bution of individual examples to the student’s evolving knowledge state, thereby identifying
the most informative example to present at each interaction round.

Recent shifts in education indicate that students are increasingly active, inquisitive, and
capable of requesting clarifications (Jaaskela et al., 2020; Mameli et al., 2023). Prior research
also suggests that students’ questions or requests can serve as indicators of their understand-
ing (Chin and Osborne, |2008). However, students do not always ask the “right” questions;
in some cases, their inquiries may lead to further confusion. While asking the “right” ques-
tion is an art, students may not have been trained to do so, leading them to produce both
insightful and unhelpful questions, ranging from unnecessary or irrelevant to unfocused or
aimless (Vale, 2013; |Olmo, [1975). In such situations, teachers may need to override student
requests to provide more pedagogically effective guidance. Building on this perspective, we
extend the original model of pedagogical reasoning proposed by (Shafto et al., 2014) to in-
corporate both student agency and teacher override ability. In our model, after learning
from provided examples, students may request the label of an unobserved example. The
teacher then considers both the pedagogical value of the example and the student’s request,
ultimately deciding whether to comply with the request or override it by selecting an alter-
native example that, in the teacher’s estimation, will better support the student’s learning.
We simulate this process and develop strategies for adaptive example selection, with the goal
of accelerating student learning through principled probabilistic teaching.



2 Related Works

Pedagogical reasoning. Humans are continuously inferring the beliefs and intentions of
others to reason about their actions in daily life. In the educational domain, this process is
frequently observed in classrooms, where teachers attempt to understand what their students
know and do not know in order to take appropriate teaching actions. Many studies have
explored different strategies for modeling the interactions between students and teachers to
(i) understand the reasons behind their actions and (ii) adapt those actions to achieve a goal
(e.g., students fully mastering a concept) (Shafto et al.| 2014, 2012; |[Fan et al. [2018]). Recent
studies have also introduced the notion of the student agent, emphasizing that students
are more actively involved in the learning process (Fan et al., 2018} Rafferty et al., 2016}
Jaaskela et al., [2020; Mameli et al. 2023). These works consider different scenarios: the
teacher providing examples without student interaction (Shafto et al. 2014), the teacher
providing an example and the student responding with some form of reward signal (Fan
et al.| 2018), or the teacher posing a question and the student answering (Rafferty et al.|
2016)). In contrast, our project focuses on the case where the teacher provides examples and
the student must take actions regarding unseen examples, which differs from the settings
above. Nevertheless, the underlying mechanism remains similar: the teacher maintains a
model of the student and selects examples accordingly, while updating their belief based on
the student’s actions.

Learning acceleration. Accelerating the learning process of students has been a long-
standing challenge in education (Carbonell, |1970; Silcock, 2003; |Lee and Horsfall, 2010}
Wang et al., 2023} |Jiang} [2025). The main idea is to build a learner model and then perform
inference or optimization on it (Jiang, [2025). From a computer science perspective, this is
analogous to optimizing a model so that it achieves better performance in less time (i.e.,
with fewer learning data). These techniques can be categorized into two main concepts:
adaptive learning and active learning. Adaptive learning involves providing the learner (or
model) with appropriate data to facilitate learning, while active learning refers to the learner
requesting particular data samples to learn from (Carbonell, |1970; Wang et al., 2023; Settles|,
2009; Bonwell and Eison, [1991)). In this project, we aim to incorporate both adaptive and
active learning ideas into the probabilistic model, where the learner can request specific
samples and the teacher can either accept or override the learner’s request to provide more
suitable examples, with the expectation that the learner will improve faster.

3 Proposed Method

3.1 Generative Model

We formalize the teaching—learning process as a probabilistic generative model. First, we
define some notations that will be used in the model description.

e Hypothesis: 0* € © — the true hypothesis or task parameter the student is expected
to learn (e.g., a concept, weight vector).



e Student state: S; € & — the student’s internal belief/posterior over 6 at time t.
e Teacher state: B, € B — the teacher’s belief about the student’s belief at time t.

e Data sample: x; € X is an example input shown at time ¢ (e.g., an input or problem
instance); y, € ) is the corresponding output/label, determined by the task parameter.
In general, the label for an example has a distribution conditioned on ¢ and the input
(ye ~ p(y; | 0,2)), but in this project, for simplicity, we assume that the label is
deterministic, i.e. y; = fo(xy).

e Dataset: D, = {(x;,v:;)}._; denotes the data observed up to time t. We assume a
maximum of 7" examples.

e Student action: a; € A; = {x|r € XAz ¢ d,Vd € D,}U{passive} is the student’s action
at time t: either requesting a specific example from the remaining pool or passively
waiting for the teacher’s choice in the next round.

Original model This model is inspired by (Shafto et al.,[2014). This model is effective for
cases in which students passively receive examples from the teacher. This model captures
the recursive interaction between teacher and student: the teacher selects examples based
on their belief about the student’s knowledge, while the student updates their belief based
on provided examples.

Sy ~ (St | Si—1, 2, y¢) (student belief update)
xy ~ p(ay | S, 0%) (teacher selects example)

Y = fo(zy) (label generation).

Refined model We extend the original model by incorporating the student actions into
the teacher’s belief about the student’s current understanding. It allows students to take
actions (asking for the next example or just waiting for the teacher) that influence subsequent
rounds. The dynamics of the system are provided below.

| Si—1,x,y¢) (student belief update)

Qg | St)

St ~ p(S; (
~ p( (

Bt ~p(By | Bi_1,a;)  (teacher belief update)
( (
( (

student action generation)

Tip1 ~ p(xgq | By, 07) teacher selects example)

Y1 ~ D(Yes1) | Te41,0) label generation).

3.1.1 Teacher’s Model of the Student

The teacher maintains a probabilistic model of the student’s learning and querying behavior.
Specifically, the teacher is assumed to know how the student updates her belief upon receiving
a new example (i.e., the student’s belief-update rule), but remains uncertain about how the
student decides whether to request an example. This reflects a realistic setting in educational
interactions, where students often lack precise knowledge of what constitutes the “right”



question. Accordingly, we consider three candidate models of the student’s action strategy:
random, uncertainty-reduction, and hypothesis-driven strategies. The teacher also assumes
that the student reasons about how examples are selected.

The teacher’s initial priors are specified as:

p(So) = Dirichlet(0),
p(Bo) = Uniform(S),
p(ag) = p(passive) = 1.

At each time step, after observing the student’s query drawn from p(a; | S;), the teacher
updates her belief about the student’s understanding in two stages:

e Step 1: Updating the student’s belief about the hypothesis. We consider
two types of students: (i) a naive student, who only updates her belief based on
received examples, and (ii) a rational student, who recognizes that the teacher selects
examples purposefully to facilitate learning. During this step, the distribution of the
teacher’s belief over possible student beliefs remains unchanged:

Bt—l(St | St—lyxtayt) = Bt—l(St—1)~

e Step 2: Updating the teacher’s belief about the student’s belief. Here, the
student’s belief over hypotheses is held fixed, and the teacher updates her belief about
the student’s internal state upon observing the student’s action:

Bt(St) = Bt—l(st | St—laxhytaat) X Bt—l(St ’ St—l,xtayt) ‘p(@t ’ St)-

For each candidate x € X'\ Dy, the teacher computes the expected posterior probability that
the student assigns to the true hypothesis 6* after observing the new sample (z,y):

U(fL’, Stve*) = ]Eywp(~|x79*) [St-H (9* | Stvruy)} )

exp (a Us,~B, (1113 S, 9*))
S exp (a Us,~p, (2'; St 9*)) ’

QZ/EX\Dt

p(l’tﬂ ’ Btae*) =

where « is a hyperparameter controlling the teacher’s level of rationality.

3.1.2 Student’s Model of the Teacher

We consider two types of students as described above: a naiwe student and a rational student.

Naive student. The naive student updates her belief solely based on the teacher’s provided
examples:

Si(0) o< Si—1(0) - p(y | x4, 0).



Rational student. The rational student maintains a model of the teacher and assumes
that the teacher acts pedagogically, i.e., selecting examples to optimize learning. This stu-
dent, therefore, updates her belief as:

Si(0) o< Sp-1(0) - p(as | Bi-1,0) - plye | 1, 0),

where B;_; denotes the student’s belief about the teacher’s internal state, initialized as
p(Boy) = Uniform(S).

Both types of students choose actions according to a Boltzmann policy based on a utility
function U(a; Sy):
exp (BU (ai; Sy))

Paca, P (BU(a: )
where [ is a temperature parameter controlling stochasticity. We consider three possible
utility functions:

p(at | St) =

e Random strategy: The student selects an unobserved example uniformly at random:

U(a;S;) =1, Vae A,.

e Hypothesis-driven strategy: The student selects the example that maximizes the
posterior probability of a particular hypothesis:

Ula; S¢) = m@ax Eypylsi.a) [p(Q | D, U{(a, y)}ﬂ

e Uncertainty-reduction strategy: The student selects the example expected to min-
imize the posterior uncertainty about the correct hypothesis:

U(a; S;) = —Hyo [Eywp(y\st,a) [p(9 | Dy U{(a, y)})ﬂ 5

where H denotes the entropy operator.

3.2 Inference Process

Joint distribution (teacher’s perspective). Conditioned on the true hypothesis *, the
teacher’s joint distribution is defined as

T
p(SO:T7a1:T7BO:Taxl:TaylzT | 9*) = p(So)p(Bo) H |:p<St ’ St—l,iftayt) P(at ’ St) :

t=1

P(Bt ’ Btflaat) p(xt \ Btfh@*) p(yt \ xtae*)

Joint Distribution from the Student’s Perspective The student does not know the
true hypothesis #* and begins with a uniform prior, p(#), over the hypothesis space. The
naive student does not model the teacher’s pedagogical reasoning and assumes examples are



not chosen strategically (e.g., sampled uniformly). The joint distribution over the student’s
beliefs Sy.7, actions aj.7, observations (z1.7, y1.7), and the hypothesis @ is:

T
p(0, Sor; arr, 1, yrr) = p(0)p(So) H [p(at | Se1) p(@e) p(ye | w0, 0) p(St | Se—1, e, 91) |-

t=1

In contrast, the rational student actively models the teacher’s intentions. This requires
the student to maintain a belief B; about the teacher’s model of the student. This recursive
reasoning is reflected in the joint distribution:

T
p(0, So.r, Bo.r, ar.r, T1.7, Yr.r) = p(6)p H [ at | Si—1)p(xe | Be—1,0)p(ye | ¢, 0)

t=1

P(St ’ Stflaxtayt)p(Bt \ Btfl,at) .

4 Experiments

4.1 Clustering Environment

To evaluate the efficacy of our proposed model, we construct a synthetic clustering envi-
ronment. The environment is defined within a d-dimensional Euclidean space. First, we
generate a hypothesis space, ©, which consists of H distinct hypotheses. Each hypothesis,
0;, comprises a set of C' clusters, each defined by a centroid ¢ and a corresponding radius r:

— {9 }1 19 Where 91 —_ {(Cj7rj)}?:1.

We randomly select a hypothesis in the list as the true hypothesis. Subsequently, a dataset
of N points is sampled. We employ uniform sampling for data generation, in which points
are drawn from a uniform distribution across the hypercube (—C,C)?. Figure 1| illustrates
an example of constructing this clustering environment.
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Figure 1: Example of the clustering environment in 2-dimensional space with 2 clusters.

To simulate reality, a point z can belong (be labelled) to a cluster or belong to no cluster.
For any given point  and a hypothesis 6, the conditional probability of the point belonging



to a specific cluster is proportional to a Gaussian function of the Euclidean distance between
the point and the cluster’s centroid. Specifically, the unnormalized probability for a cluster
i defined as (¢;, ;) is given by:

. T — 2
ply = jlz,0) oc exp (—u) ’

2
27"j

0 if J(¢j,rj) €0 |z —c¢| <1

p(y = no cluster|r,0) x { 1 otherwise

The final label distribution is obtained by normalizing these values across all labels.

4.2 Learning Process Simulation
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Figure 2: An overview of the learning simulation. Top: The level-k reasoning structure,
alternating between a Naive Student (Lg), a pragmatic Teacher (L;), a Rational Student
(L), and a higher-level Teacher (L3). Bottom Left: Insets showing the Teacher’s prior
belief By and the internal structure of a student belief S. Bottom Right: The probabilistic
graphical model of the inference process. The Teacher maintains a belief B; over the Student’s
latent state S;, provides a sample (x4, 1), and updates their belief based on the Student’s
subsequent action a;.

The learning simulation starts with the construction of the student’s and teacher’s prior
beliefs. The student’s actual prior belief is defined as a Dirichlet distribution over the
hypothesis space ©. From the teacher’s perspective, the space of possible student beliefs
is infinite. Therefore, we approximate it with a finite set of K candidate student priors,
denoted B = {S),...,Sk}. Each student’s belief Sy, which is a probability distribution over



O, is generated by sampling from an unbiased Dirichlet distribution. The teacher is assumed
to initially hold a uniform prior over this set, considering each potential student’s belief in
By to be equally likely. In the case where the student is rational (i.e., maintains a model
of the teacher), we assume this model is perfectly aligned. Specifically, the set of candidate
priors that the student assumes the teacher is using is identical to the teacher’s actual set.

The simulation begins with an initial step where the Ly student is passive, awaiting
the first example from the teacher. Subsequently, the L; teacher actively selects examples
designed to maximize the student’s probability of identifying the correct hypothesis. This
selection process is guided by the teacher’s assumptions about the student’s reasoning model
(i.e., whether the student is naive or rational). The resulting chosen example, (2441, Y111), 18
then presented to the student.

From the second round onward, the interaction becomes dynamic. The L, student may
either actively request a specific example or remain passive, while the L3 teacher is aware
that the student can now be rational. The inference process is largely symmetric for both
agents, with the crucial distinction lying between the student’s true action-selection policy,
Dstudent (@¢|S¢), and the teacher’s internal model of that policy, pieacher(a:]|S;). The teacher
ultimately provides the example deemed most informative, which may or may not coincide
with the student’s request. This interactive learning process continues until one of two
termination conditions is met: (1) the student’s belief in the true hypothesis, §*, exceeds a
high-confidence threshold (e.g., Sstudens(6*) > 0.95), or (2) the number of allowed examples
exceeds a predefined number. We present an overview of the simulation process in Figure [2|
Our code is available on GithuHl]

4.3 Results and Discussion

We conducted experiments within a two-dimensional clustering environment consisting of two
clusters and a total of 1,000 data samples. The number of hypotheses was fixed at 20. We
approximate the teacher’s belief B with K = 100. The primary evaluation metric across all
experiments is learning efficiency, defined as the number of rounds (i.e., examples presented)
required for the student’s posterior belief in the true hypothesis 8* to exceed a confidence
threshold of 0.95, as well as the number of iterations required for the true hypothesis to
achieve 1% rank in the student’s belief distribution. To ensure statistical robustness, each
experimental configuration was simulated over 20 independent runs with different random
seeds, and we report the mean and 95% confidence interval for each metric. The proposed
method was evaluated through seven experimental settings as described below.

4.3.1 Experiment 1: Baseline and Core Model Efficacy

This experiment evaluates the effectiveness of our model by comparing it against simpler,
non-strategic teaching baselines to demonstrate the importance of an adaptive teacher in
accelerating learning. We hypothesize that a strategic teacher interacting with a student will
achieve the fastest learning, outperforming a random, non-strategic teacher and also a lazy
teacher who just provides labels for the student’s queries. To isolate the impact of teacher

"https://github.com/martinakaduc/teaching_simulation
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actions, we perform this experiment on a rational, hypothesis-driven student. The results are
presented in Figure [3|and an example visualization is provided in Figure [d, We can observe
that a teacher who strategically selects samples to help the student will help the student
learn faster. Furthermore, when the student’s queries are informative (i.e., the student uses
a hypothesis-driven strategy to choose actions), a lazy teacher who only provides labels for
the student’s queries performs slightly better than one who provides random examples.

Probability of True Hypothesis in Student Belief True Hypothesis Reaches Rank #1 in Student Belief
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Figure 3: Comparison of two teaching strategies, random and hypothesis-driven, with a
rational, hypothesis-driven student.

4.3.2 Experiment 2: Impact of Student Rationality

This experiment aims to determine whether a rational student learns more efficiently than a
naive student. We hypothesize that the rational student will converge on the true hypothesis
in fewer rounds, as reasoning about the teacher’s strategy allows them to extract more
information from each example and accelerate belief updates. To test this, we compare the
performance of both student types under the assumption that the teacher’s model of the
student is accurate. Specifically, the teacher interacts with a hypothesis-driven student in
this setup. As shown in Figure [, the rational student consistently reaches 95% confidence
in the correct hypothesis significantly faster than the naive student. We visualize the data
space at the iteration when the student identified the correct hypothesis in Figure [6]
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Figure 4: Visualization of the data space and the student’s belief distribution. From top to
bottom: Results of the lazy teacher, the random teacher, and the hypothesis-driven teacher at
iteration #10. In the data space, triangles represent the teacher’s examples (green indicates
no cluster), and squares represent the student’s queries. The hypothesis-driven teacher tends
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to choose boundary examples and informative negative examples.
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Round 50 - Data Space Student Belief Distribution (Round 50)
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Figure 6: Visualization of the data space and the student’s belief distribution. Top: Results
of the naive student at iteration #50. Bottom: Results of the rational student at iteration
#10. In the data space, triangles represent the teacher’s examples (green indicates no clus-
ter), and squares represent the student’s queries. With naive students, the teacher tends to
give more examples, especially negative ones.

4.3.3 Experiment 3: Evaluating Student Action-Selection Strategies

This experiment aims to identify which asking strategy most effectively enables the student
to learn the correct hypothesis. Using the best-performing student model from Experiment
2 (assumed to be rational), we vary the student’s actual query strategy while ensuring that
the teacher’s assumption about the strategy remains accurate. We also include a scenario in
which the student is lazy and does not ask any questions.

The results in Figure 7| show that the hypothesis-driven strategy is the most effective for
the student to cooperate with the active teacher, but the gaps between students’ strategies
are not large. Figure[§]is an illustration of data at the tenth iteration of all student strategies.
We examined the reasons and found that this is because our setting involves an active teacher,
which means the teacher can overwrite the student queries to provide more suitable learning
examples. This allows the teacher’s student beliefs (i.e., S; € B) to converge faster than
the teacher’s belief distribution B. Another reason is that we model the student’s queries
and the teacher’s updates of the student’s belief probabilities in a naive way, which means
that neither the student nor the teacher models the other during this process. We support
this finding by visualizing the top-3 students’ beliefs in the teacher’s belief in Figure [9] To
further understand the importance of the active teacher, we perform the seventh experiment,
which is described in the following section.
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Figure 7: Comparison between students’ action-selection strategy on active teacher.

4.3.4 Experiment 4: Robustness to Teacher’s Misconceptions

This experiment conducts an ablation study to evaluate the model’s robustness when the
teacher’s internal model of the student is incorrect. We hypothesize that a mismatch between
the teacher’s assumptions and the student’s actual behavior will reduce learning efficiency.
As shown in Figure[I0] when the teacher mistakenly assumes that the student is naive or that
the student’s strategy is not hypothesis-driven, the learning process becomes less effective,
resulting in longer learning time and greater uncertainty about the true hypothesis in the
student’s belief. We illustrate the data space at the tenth iteration for all settings in this

experiment in Figure
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Figure 10: The effect of the teacher’s assumption on the student learning process.

4.3.5 Experiment 5: Sensitivity Analysis

This experiment examines the model’s sensitivity to key hyperparameters by varying the
teacher’s rationality parameter («) and the student’s rationality parameter () across three
settings: 0.1, 1, and 10. The results (Figure show that when both teacher and student
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Figure 8: Visualization of the data space and the student’s belief distribution. From top
to bottom: results of students with random, uncertainty, and hypothesis-driven strategies
at #10; and results of a lazy student. In the data space, triangles represent the teacher’s
examples (green indicates no cluster), and squares represent the student’s queries. For active
students, the teacher tends to prefer negative and boundary examples, whereas with a lazy
student, the strategy leans more balance between positive and negative examples.

become more rational (a, f = 10), the learning process become significantly faster because
both teacher and student aare strongly believe in each other. Moreover, the illustration in
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Figure 9: Visualization of the top-3 students’ belief in the teacher’s belief. From top to
bottom: results of students with random, uncertainty, and hypothesis-driven strategies at
#10; and results of a lazy student. We can see that the top-3 students’ beliefs converged
on the true hypothesis within 10 iterations. The probabilities of the students’ beliefs under
uncertainty and hypothesis-driven strategies were updated, but the convergence was slow.

Figure [13| shows that the student and teacher with o, 5 = 10 only need two iteration rounds
for the student to identify the true hypothesis correctly.

4.3.6 Experiment 6: Ablation Study on Teacher’s Number of Beliefs

In the above experiments, the number of the teacher’s beliefs is approximated by randomly
generating a fixed number K = 100 of possible student beliefs. To examine the impact
of this approximation on our method, we vary K across three settings: 10, 50, and 100.
Figure presents the results of this experiment. The findings indicate that there is no
significant difference when varying this hyperparameter. With the results in this experiment
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Figure 11: Visualization of the data space and the student’s belief distribution. From top
to bottom: results of incorrect teacher assumptions about naive, random, and uncertainty
students at iteration #10. In the data space, triangles represent the teacher’s examples
(green indicates no cluster), and squares represent the student’s queries. When the teacher
has incorrect assumptions about the student’s strategy, the provided examples may not be
very helpful, leading to similar student beliefs and actions, which in turn result in similar
teacher actions in subsequent steps.
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Figure 12: The effect of rationality in the learning process.

and the previous Experiment 3, an interesting observation is that a good teaching strategy
(rational and having a correct model of the student to overwrite the student’s queries) is
more important than relying solely on the student’s feedback to identify their state. The
example runs in Figure also confirm the above observation, as the teacher’s provided

examples appear similar regardless of the value of K.

Probability of True Hypothesis in Student Belief True Hypothesis Reaches Rank #1 in Student Belief
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Figure 14: The effect of the number of teachers’ beliefs.

4.3.7 Experiment 7: Effects of Student Strategies with Lazy Teacher

This experiment is similar to Experiment 3 but involves a lazy teacher instead of an active
one. A lazy teacher only actively selects samples for the student when the student does
not ask any questions; otherwise, she simply provides labels for the examples the student
requests. The motivation for this experiment is to understand the effect of student strategies
on learning under a lazy teacher and to further confirm the importance of an active, rational
teacher. Figure |16|shows that without an active teacher, the student requires more time to
learn and identify the correct hypothesis, with the random strategy being the least effective.
The difference between different students’ strategies is not too much for the same reason as
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Figure 13: Visualization of the data space and the student’s belief distribution. From top
to bottom: results of different rational levels, including 0.1, 1, and 10. In the data space,
triangles represent the teacher’s examples (green indicates no cluster), and squares represent
the student’s queries. With a high rational level, the student can learn the correct hypothesis
within just two boundary positive examples.

in Experiment 3. We visualize example runs at 20" iteration in Figure [L7| to demonstrate
the acting strategy of the student with a lazy teacher.
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Figure 15: Visualization of the data space and the student’s belief distribution. From top to
bottom: results for different numbers of students’ beliefs in the teacher’s belief. In the data
space, triangles represent the teacher’s examples (green indicates no cluster), and squares
represent the student’s queries. The teacher appears to follow a similar strategy in this
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Figure 17: Visualization of the data space and the student’s belief distribution. From top to
bottom: results of students with random, uncertainty, and hypothesis-driven strategies at
iteration #20. In the data space, triangles represent the teacher’s examples (green indicates
no cluster), and squares represent the student’s queries. The uncertainty strategy tends to
select samples near cluster boundaries, while the hypothesis-driven strategy maintains a more
balanced selection of positive and negative examples, focusing on those most informative for
learning.

5 Conclusion

In this project, we proposed and evaluated a probabilistic pedagogy model that extends
traditional frameworks by incorporating both active student and active teacher. Our goal
was to simulate a more realistic, interactive learning process to identify strategies that bet-
ter accelerate student learning. Through a series of experiments in a synthetic clustering
environment, we demonstrated that the nature of the teacher-student interaction is a critical
determinant of learning efficiency. Our key findings include:
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e Student rationality matters. A rational student, who models the teacher’s peda-
gogical intent, learns significantly faster than a naive student who only updates beliefs
based on data (Experiment 2).

e Strategic interaction is key. The most effective learning occurs when a strategic,
rational teacher interacts with a student who also adopts an optimal query strategy
(i.e., hypothesis-driven, as shown in Experiment 3). Mismatches in the teacher’s as-
sumptions about the student’s strategy can degrade performance (Experiment 4).

e Active, strategic teaching is paramount. Our most significant finding is the
power of the active teacher. A “lazy” teacher who passively fulfills student requests is
far less effective than an active teacher who strategically selects examples (Experiment
7). This ability to override a student’s query is so impactful that it can compensate
for a less precise model of the student’s belief state (Experiment 6), underscoring that
a robust pedagogical strategy is more important than perfectly inferring the student’s
intent at every step.

While this work was limited to a simulated environment, it provides strong quantitative
support for a pedagogical model where the teacher acts as an active, rational guider rather
than a passive information provider. Future work could explore these dynamics in more
complex domains (such as training Al models) or with human-in-the-loop experiments. In
summary, our model offers a compelling framework for developing more effective, accelerated,
and adaptive learning technologies by balancing student agency with principled pedagogical
override.
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I used ChatGPT to revise the writing and correct grammar mistakes. I am responsible for
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