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Abstract

There has been significant interest in the development of personalized and adaptive
educational tools that cater to a student’s individual learning progress. A crucial
aspect in developing such tools is in exploring how mastery can be achieved across
a diverse yet related range of content in an efficient manner. While Reinforcement
Learning and Multi-armed Bandits have shown promise in educational settings,
existing works often assume the independence of learning content, neglecting
the prevalent interdependencies between such content. In response, we introduce
Education Network Restless Multi-armed Bandits (EdNetRMABs), utilizing a
network to represent the relationships between interdependent arms. Subsequently,
we propose EduQate, a method employing interdependency-aware Q-learning to
make informed decisions on arm selection at each time step. We establish the
optimality guarantee of EduQate and demonstrate its efficacy compared to baseline
policies, using students modeled from both synthetic and real-world data.

1 Introduction

The COVID-19 pandemic has accelerated the adoption of educational technologies, especially
on eLearning platforms. Despite abundant data and advancements in modeling student learning,
effectively capturing the learning process with interdependent content remains a significant challenge
[9]]. The conventional rules-based approach to creating personalized learning curricula is impractical
due to its labor-intensive nature and need for expert knowledge. Machine learning-based systems offer
a scalable alternative, automatically generating personalized content to optimize learning [22} 24]].

One possible approach to model the learning process is the Restless Multi-Armed Bandits (RMAB,
[26]), where a teacher agent selects a subset of arms (concepts) to teach each round. However,
RMAB’s assumption that arms are independent is unrealistic in educational settings. For example,
solving a math question on the area of a triangle requires knowledge of algebra, arithmetic, and
geometry. Practicing this question should enhance proficiency in all three areas. Models that ignore
such interdependencies may inaccurately predict knowledge levels by assuming each exercise impacts
only a single area.

In response to this challenge, we introduce an interdependency-aware RMAB model to the education
setting. We posit that by acknowledging and modeling the learning dynamics of interdependent
content, both teachers and algorithms can strategically leverage overlapping utility to foster mastery
over a broader range of topics within a curriculum. We advocate for RMABs as a fitting model for
this context, as the inherent dynamics of such a model align closely with the learning process.

In this study, our objective is to derive a teacher policy that effectively recommends educational
content to students, accounting for interdependencies among the content to enhance overall utility
(that characterizes understanding and retention of content). Our contributions are as follows:
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1. We introduce Restless Multi-armed Bandits for Education (EdNetRMABs), enabling the
modeling of learning processes with interdependent educational content.

2. We propose EduQate, a Whittle index-based heuristic algorithm that uses Q-learning to
compute an inter-dependency-aware teacher policy. Unlike previous methods, EduQate does
not require knowledge of the transition matrix to compute an optimal policy.

3. We provide a theoretical analysis of EduQate, demonstrating guarantees of optimality.

4. We present empirical results on simulated students and real-world datasets, showing the
effectiveness of EduQate over other teacher policies.

2 Related Work and Preliminaries

2.1 Restless Multi-Armed Bandits

The selection of the right time and manner for limited interventions is a problem of great practical im-
portance across various domains, including health intervention [17, S]], anti-poaching operations [20],
education [13} 6} 2], etc. These problems share a common characteristic of having multiple arms
in a Multi-armed Bandit (MAB) problem, representing entities such as patients, regions of a forest,
or students’ mastery of concepts. These arms evolve in an uncertain manner, and interventions are
required to guide them from "bad" states to "good" states. The inherent challenge lies in the limited
number of interventions, dictated by the limited resources (e.g., public health workers, the number of
student interactions). RMAB, a generalization of MAB, offers an ideal model for representing the
aforementioned problems of interest. RMAB allows non-active bandits to also undergo the Markovian
state transition, effectively capturing uncertainty in arm state transitions (reflecting uncertain state
evolution), actions (representing interventions), and budget constraints (illustrating limited resources).

RMABEs and the associated Markov Decision Processes (MDP) for each arm offer a valuable model for
representing the learning process. Firstly, leveraging the MDPs associated with each arm provides the
flexibility to adopt nuanced modeling of learning content, accommodating different learning curves
for various content based on students’ strengths and weaknesses. Secondly, the transition probabilities
serve as a useful mechanism to model forgetting (through state decay due to passivity or negligence)
and learning (through state transitions to the positive state from repeated practice). Considering
these aspects, RMABs prove to be a beneficial framework for personalizing and generating adaptive
curricula across a diverse range of students.

In general, computing the optimal policy for a given set of restless arms in RMABSs is recognized as a
PSPACE-hard problem [[18]. The Whittle index [26] provides an approach with a tractable solution
that is provably optimal, especially when each arm is indexable. However, proving indexability can
be challenging and often requires specification of the problem’s structure, such as the optimality of
threshold policies [17,16]. Moreover, much of the research on Whittle Index policies has focused
on two-action settings or requires prior knowledge of the transition matrix of the RMABs. Meeting
these conditions proves challenging in the educational context, where diverse students interact with
educational systems, each possessing different prior knowledge and distinct learning curves for
various topics.

WIQL [3], on the other hand, employs a Q-learning-based method to estimate the Whittle Index and
has demonstrated provable optimality without requiring prior knowledge of the transition matrix. We
utilize WIQL as a baseline method in our subsequent experiments.

In a recent investigation by [12], RMABs were explored within a network framework, requiring the
agent to manage a budget while allocating a high-cost, high-benefit resource to one arm to “unlock”
potential lower-cost, intermediate-benefit resources for the arm’s neighbors. The network effects
emphasized in their work are triggered by an intentional, active action, enabling the agent to choose
to propagate positive externalities to a selected arm’s neighbors within budget constraints. In contrast,
our study delves into scenarios where network effects are indirect results of an active action, and the
agent lacks direct control over such effects. Thus, the challenge lies in accurately modeling these
network effects and leveraging them when beneficial.
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2.2 Reinforcement Learning in Education

In the realm of education, numerous researchers have explored optimizing the sequencing of in-
structional activities and content, assuming that optimal sequencing can significantly impact student
learning. RL is a natural approach for making sequential decisions under uncertainty [[1]. While RL
has seen success in various educational applications, effectively sequencing interdependent content in
a personalized and adaptive manner has yielded mixed or insignificant results compared to baseline
teacher policies [[L1, 21, [8]. In general, these RL works focus on data-driven methods using student
activity logs to estimate students’ knowledge states and progress, assuming that the interdependencies
between learning content are encapsulated in students’ learning histories [9, 3, |19]. In contrast, our
work focuses on modelling these interdependencies directly.

Of particular relevance are factored MDPs applied to skill acquisition introduced by [[11]. While fac-
tored MDPs account for interdependencies amongst skills, decentralized policy learning is infeasible
as policies must consider the joint state space. Our work leverages the advantage of decentralized
policy learning provided by RMABs and introduces a novel decentralized learning approach that
exploits interdependencies between arms.

Complementary to RL methods in education is the utilization of knowledge graphs to uncover
relationships between learning content [9]]. Existing research primarily focuses on establishing these
relationships through data-driven methods (e.g. [7,123]]) often leveraging student-activity logs. In this
work, we complement such research by presenting an approach where bandit methods can effectively
operate with knowledge graphs derived by such methods.

3 Model

In this section, we introduce the Restless Multi-Armed Bandits for Education (EdNetRMABs). It
is important to note that while we specifically apply EdNetRMABs to the education setting, the
framework can be seamlessly translated to other scenarios where modeling the effects of active
actions within a network is critical. For ease of access, a table of notations is provided in Table@

In education, a teacher recommends learning content, or items, to maximize student education, often
with content from online platforms. Items are grouped by topics, such as “Geometry," where exposure
to one piece of content can enhance knowledge across others in the same group. This cumulative
learning effect which we refer to as “network effects", implies that exposure to an item is likely
to positively impact the student’s success on items within the same group. A successful teacher
accurately estimates a student’s knowledge state over repeated interactions, leveraging these network
effects to promote both breadth and depth of understanding through recommendations.

3.1 EdNetRMABs

The RMAB model tasks an agent with selecting k arms from /N arms, constrained by a limit on the
number of arms that can be pulled at each time step. The objective is to find a policy that maximizes
the total expected discounted reward, assuming that the state of each arm evolves independently
according to an underlying MDP.

The EdNetRMABs model extends RMABs by allowing for active actions to propagate to other arms
dependent on the current arm when it is being pulled, thus relaxing the assumption of independent
arms. This is operationalized by organising the arms in a network, and pulling of an arm results in
changes for its neighbors, or members in the same group.

When applied to education setting, the EINetRMABs is formalized as follows:

Arms Each arm, denoted as ¢ € 1,..., N, signifies an item. In the context of this networked
environment, each arm belongs to a group ¢ € {1, ..., L} representing the overarching topic that
encompasses related items. It’s important to note that arm membership is not mutually exclusive,
allowing arms to be part of multiple groups. This flexibility enables a more nuanced modeling of
interdependencies among educational content. For instance, a question involving the calculation of
the area of a triangle may span both arithmetic and geometry groups.
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State space In this framework, each arm possesses a binary latent state, denoted as s; € {0, 1},
where “0" represents an “unlearned"” state, and “1" indicates a “learned" state. Considering all arms
collectively, these states serve as a representation of the student’s overall knowledge state. In the
current work, it is assumed that the states of all arms are fully observable, providing a comprehensive
model of the student’s understanding of the various educational concepts.

Action space To capture the network effects associated with arm pulls, we depart from the conven-
tional RMAB framework with a binary action space A = {0, 1} by introducing a pseudo-action. In
this modified setup, the action space is extended to A = {0, 1, 2}, where actions 0 and 2 represent
“no-pull" and “pull", as commonly used in bandit literature. Notably, in EdNetRMABs, a third action
1 is introduced to simulate the network effects resulting from pulling another arm within the same
group. It is important to clarify that agents do not directly engage with action 1 but we employ it
solely for modeling network effects, hence the term “pseudo-action”.

Transition function For a given arm ¢, let P ;, represent the probability of the arm transitioning

from state s to s’ under action a. It’s noteworthy that, in typical real-world educational settings, the
actual transition functions governing the states of the arms are often unknown and, even for the same
concept, may vary among students due to differences in prior knowledge. To address this challenge,
we adopt model-free approaches in this study, devising methods to compute the teacher policy without
relying on explicit knowledge of these transition functions. In the following experiments, we maintain
the assumption of non-zero transition probabilities, and enforce constraints that are aligned with the
current domain [17]: (i) The arms are more likely to stay in the positive state than change to the
negative state: P&l < Pﬂl, P0171 < P1171 and P0271 < Pﬁl; (i1) The arm tends to improve the latent
state if more efforts is spent on that arm, i.e., it is active or semi-active: P, < P017 , < P§, and
P’y < P!, <P},

With the formalization of the EDNetRMABs model provided, we now apply it to an educational
context. In this scenario, the agent assumes the role of a teacher and takes actions during each time
stept € {1,...,T}. Specifically, at each time step, the teacher recommends an item for the student to
study. We represent the vector of actions taken by the teacher at time step ¢ as a* € {0, 1,2}V, Here,
arm i is considered to be active at time ¢ if a’(i) = 2 and passive when a’(i) = 0. When arm i is
pulled, the set of arms that share the same group membership as arm ¢, denoted as ¢; under goes
the pseudo-action, represented as af(j) = 1 for all j € ¢~. In our framework, the teacher agent
acts on exactly one arm per time step to simulate the real-world constraint that the teacher can only
recommend one concept to students ()., at(i)=2 = 1,Vt ). Subsequent to taking action, the teacher

receives s € {0,1}%, a vector reflecting the state of all arms, and reward r; = Zi\il s(i). The
vector s® represents the overall knowledge state of the student. The teacher agent’s goal, therefore, is
to maximize the long term rewards, either discounted or averaged.

4 EduQate

Q-learning [235] is a popular reinforcement learning method that enables an agent to learn optimal
actions in an environment by iteratively updating its estimate of state-action value, Q(s, a), based on
the rewards it receives. At each time step ¢, the agent takes an action @ using its current estimate of )
values and current state s, thus received a reward of r(s) and new state s'. We provide an abridged
introduction to Q-learning in the Appendix [F|

Expanding upon Q-learning, we introduce EduQate, a tailored Q-learning approach designed for
learning Whittle-index policies in EONetRMABs. In the interaction with the environment, the agent
chooses a single item, represented by arm %, to recommend to the student. In this context, the agent
possesses knowledge of the group membership ¢; of the selected arm and observes the rewards
generated by activating arm ¢ and semi-activating arms in ¢; . EduQate utilizes this interaction to
learn the Q-values for all arms and actions.

To adapt Q-learning to EDNetRMABs, we propose leveraging the learned Q-values to select the arm
with the highest estimate of the Whittle index, defined as:
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Algorithm 1 Q-Learning for EOINetRMABs (EduQate)

Input: Number of arms N
Initialize Q;(s, a) < 0 and \;(s) < O for each state s € S and each action a € {0, 1,2}, for each
arm: € 1,..., V.
Initialize replay buffer D with capacity C.
fortinl,...,T do
€ ¥
With probability e, select one arm uniformly at random. Otherwise, select arm with highest
Whittle Index, ¢ = arg max; A;.
forarmnin1,...., N do

if n # i then
Set arm n to passive, al, = 0

else
Set arm n to active, al, = 2
for j € ¢; do

Set arms in same group as ¢ to semi-active, a§ =1

end for

end if

end for

Execute actions a® and observe reward r* and next state s**! for all arms
Store experience (st,a®, rt, s*T1)in replay buffer D.
Sample minibatch B of Experience from replay buffer D.
for Experience in minibatch B do
Update @, (s, a) using Q-learning update in Equation
Compute \,, using Equation!l]
end for
end for

X =Q(si a; =2) = Q(si;a; = 0) + Y (Q(s;,a; = 1) — Q(s;,a; = 0)) )

Jj€d;

Here, )\; is the Whittle Index estimate for arm . In essence, the Whittle Index of arm 7 is computed as
the linear combination of the value associated with taking action on arm ¢ over passivity and the value
of associated with semi-actively engaging with members from same group, compared to passivity.

To improve the convergence of Q-learning, we incorporate Experience Replay [15]. This involves
saving the teacher algorithm’s previous experiences in a replay buffer and drawing mini-batches
of samples from this buffer during updates to enhance convergence. In Section[4.1] we prove that
EduQate will converge to the optimal policy. However, in practice, we may not have enough episodes
to fully train EduQate. Therefore, we propose Experience Replay to mitigate the cold-start problem
common in RL applications, a common problem where initial student interactions with sub-optimal
teachers can lead to poor learning experiences [3]].

The pseudo-code is provided in Algorithm[I} Similar to WIQL [5]l, we employ a e-decay policy that
facilitates exploration and learning in the early steps, and proceeds to exploit the learned Q-values in
later stages.

4.1 Analysis of EduQate

In this section, we analyze EduQate closely, and show that EduQate does not alter the optimality
guarantees of Q-learning under the constraint that k = 1 (Theorem 1). Our method relies on the
assumption that teachers are limited to assign 1 item to the student at each time step. Theorem 2
analyzes EduQate under the conditions that k£ > 1. Since our setting involves the semi-active actions,
we should compute Equation[I] To reiterate, ¢; here refers to the group that arm ¢ belongs to, and
¢, is the same group but does not include arm :. If arm ¢ is selected, then all the remaining arms in

group ¢; should be semi-active.
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Theorem 1 Choosing the top arm with the largest X value in Equation|[I|is equivalent to maximizing
the cumulative long-term reward.

Proof.  According to the approach, we select the arm according to the A value. Assume arm ¢ has
the highest \ value, then for any arm j where j # i, we have

Ai > )
According to the definition of A in Equation[I} we move the negative part to the other side, and the
left side becomes:

Qsivai=1)+ Y (Qsiva; = 1) + Q(s5,0; = 0) + Y (Q(s.a; =0))
i€g; jesy

and the right side is similar. There are three cases:

* arm ¢ and arm j are not connected, and group ¢; and ¢; has no overlap, i.e., ¢; N ¢; = . We add
> Q(sz,a, = 0) on both sides. This denotes the addition of Q(s,a, = 0) for all arm z
2¢PiNzE b
that are not included in the set of ¢; or ¢;. We have the left side:

Qlsiai =1+ D> (Qsiai = 1) + Q(sj,a; =0) + > (Q(sj,0;=0))+ > Q(s:,0. =0)

= j€d; 2g¢iNz¢d;
=Q(si,a; =1) + Z(Q si,a; =1) +Z (sj,a; =0))
i€p; J¢di

=Q(s,a=1)
(3)
Similarly, we do the same for the right side and thus, the equation 2] becomes
Q(s,a=1) > Q(s,a=1;)
* arm ¢ and arm j are not connected, but group ¢; and ¢, has overlap, i.e., ¢; N ¢; # (. In this case,
weadd > Q(s:,a,=0)— > Q(s:,a, =0) on both sides.
2¢PpiNzE b 2€PiNP;

* arm ¢ and arm j are connected, and group ¢; and ¢; has overlap, i.e., $; N¢; # 0, and {7, j} C ¢;N

¢;. This case is similar to the previous one, weadd >~ Q(s.,a, =0)— > Q(s:,a.=
2EPiNZEP; 2€hiNd;
0) on both sides.
The detailed proof is provided in Appendix [B] O

Thus when k& = 1, selecting the top arm according to the A value is equivalent to maximizing the
cumulative long-term reward, and is guaranteed to be optimal.

Theorem 2 When k > 1, selecting the k arms is a NP-hard problem. The non-asymptotic tight
upper bound and non-asymptotic tight lower bound for getting the optimal solution are o(C(n, k))
and w(N), respectively.

Proof Sketch.  This problem can be considered as a variant of the knapsack problem. If we disregard
the influence of the shared neighbor nodes for two selected arms, then selecting arm ¢ will not
influence the future selection of arm j. In such instances, the problem of selecting the & arms is
simplified to the traditional 0/1 knapsack problem, a classic NP-hard problem. Therefore, when
considering the effect of shared neighbor nodes for two selected arms, this problem is at least as
challenging as the 0/1 knapsack problem. ]

When k > 1, it is difficult to compute the optimal solution, we provide a heuristic greedy algorithm
with the complexity of O(M) in Section in the appendix.

S Experiment

In this section, we demonstrate the effectiveness of EduQate against benchmark algorithms on
synthetic students and students derived from a real-world dataset, the Junyi Dataset and the OLI
Statics dataset. All experiments are run on CPU only. In our experiments, we compare EduQate with
the following policies:



239
240

241
242
243

244
245
246

247
248

249
250

251
252

254
255
256

257

258
259
260
261
262

264
265
266
267

268
269

EduQate T™wW wiaL Myopic Random

Simulated Junyi CLl

Ayerage Rewards

Timesteps

Figure 1: Average rewards for the respective algorithms on 3 datasets, averaged across 30 runs.
Shaded regions represent standard error.

* Threshold Whittle (TW): This algorithm, proposed by [17]], utilizes an efficient closed-form
approach to compute the Whittle index, considering only the pull action as active. It operates under
the assumption that transition probabilities are known and stands as the state-of-the-art in RMABs.

* WIQL: This algorithm employs a Q-learning-based Whittle Index approach [5]. It learns Q-values
using the pull action as the only active strategy and calculates the Whittle Index based on the
acquired Q-values.

* Myopic: This strategy disregards the impact of the current action on future rewards, concentrating
solely on predicted immediate rewards. It selects the arm that maximizes the expected reward at
the immediate time step.

* Random: This strategy randomly selects arms with uniform probability, irrespective of the under-
lying state.

Inspired by work in healthcare settings [[12||14]], we compare the policies by the Intervention Benefit
(IB), as shown in the following equation:

_ EW(R()) — ERandom(R(-))
]EEQ(R()) — ERrandom (R(.))
where EQ represents EduQate, and Random represents a policy where the arms are selected at random.
Prior work in educational settings has demonstrated that random policies can yield robust learning
outcomes through spaced repetition [9,[10]. Therefore, to establish efficacy, successful algorithms
must demonstrate superiority over random policies. Our chosen metric, IB, effectively compares

the extent to which a challenger algorithm 7 outperforms a random policy in comparison to our
algorithm.

IBRandormEQ (7T> (4)

5.1 Experiment setup

In all experiments, we commence by initializing all arms in state 0 and permit the teacher algorithms
to engage with the student for a total of 50 actions, pulling exactly 1 arm (i.e. £ = 1) at each time step.
Following the completion of these actions, the episode concludes, and the student state is reset. This
process is iterated across 800 episodes, for a total of 30 seeds. The datasets used in our experiment
are described below:

Synthetic dataset. Given the domain-motivated constraints on the transition functions highlighted
in Section we create a simulator based on N = 50, S € {0,1}, Niopics = 20. We randomly
assign arms to topic groups, and allow arms to be assigned to be more than one topic. Under this
method, number of arms under each group may not be equal. For each trial, a new transition matrix
is generated to simulate distinct student scenarios.

Junyi dataset. The Junyi dataset [7] is an extensive dataset collected from the Junyi Academy El,
an eLearning platform established in 2012 on the basis of the open-source code released by Khan

"http://www.Junyiacademy.org/
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Table 1: Comparison of policies on synthetic, Junyi, and OLI datasets. E[R] represents the average
reward obtained in the final episode of training. Statistic after &+ represents standard error across 30
trials.

Synthetic Junyi OLI

Policy E[IB[(%)+ E[R[E E[IB](%)E E[R[E E[IB[(%)£ E[R[E

Random - 2684+ 0.46 - 1582034 - 18.46 +0.35
WIQL ~ —49.03+15.07 24.60+0.43 | —26.77+7.39 14.01£0.97 | —60.20+19.38  14.33 + 0.42
Myopic ~ —3.44+581  27.07+0.52 | 10.74+3.13  16.86+0.356 | 39.92+12.00  20.51 + 0.48
T™W 3721 £17.02 2850047 | 31.284+2.65 158194034 | 020+£927  18.07+0.21
EduQate 100.0 34.33 +0.49 100.0 24.53 + 0.31 100.0 25.47 +0.47

Academy. In this dataset, there are nearly 26 million student-exercise interactions across 250 000
students in its mathematics curriculum. For this experiment, we selected the top 100 exercises with
the most student interactions to create our student models. Using our method to generate groups, the
resultant EANetRMAB has NV = 100 and Nyopics = 21.

OLI Statics dataset. The OLI Statics dataset [4] comprises student interactions with an online
Engineering Statics courseﬂ In this dataset, each item is assigned one or more Knowledge Compo-
nents (KCs) based on the related topics. After filtering for the top 100 items with the most student
interactions, the resultant EONetRMAB includes N = 100 items and N¢,pics = 76 distinct topics.

5.2 Creating student models

In this section, we outline the procedure for generating student models aimed at simulating the
learning process. To clarify, a student model in this context is defined as a set of transition matrices
for all items. These matrices are employed with EANetRMABSs to simulate the learning dynamics.

We employ various strategies to model transitions within the RMAB framework. Active transitions
are determined by assessing the average success rate on a question before and after a learning
intervention. Passive transitions are influenced by difficulty ratings, with more challenging questions
more prone to rapid forgetting. Semi-active transitions, on the other hand, are computed as proportion
of active transition, guided by similarity scores. Here, we provide an outline and the full details can
be found in Appendix D}

Active Transitions. We use data on students’ correct response rate after interacting with an item to
create the transition matrix for action 2, based on the change in correctness rates before and after a
learning intervention.

Passive Transitions. To construct passive transitions for items, we use relative difficulty scores to
determine transitions based on difficulty levels. We assume that higher difficulty correlates with a
greater likelihood of forgetting, resulting in higher failure rates. Specifically, higher difficulty values
correspond to higher P10,0 values, indicating a greater likelihood of forgetting. The transition matrix
for the passive action a = 0 is then randomly generated, with values influenced by difficulty levels.

Semi-active Transitions. To derive semi-active transitions, we use similarity scores between exercises
from the Junyi dataset. We first normalize these scores to the range [0, 1]. Then, for any chosen arm,
we compute its transition matrix under the semi-active action ¢ = 1 as a proportion of its active
action transitions, P ; = o(P5 ), where o signifies the similarity proportion.

The arm’s transition matrix for the semi-active action varies due to different similarity scores between
pairs in the same group. To address this, we use the average similarity score to determine the
proportion. Since the OLI dataset does not contain similarity ratings, we assume a constant similarity
rating of ¢ = 0.8 for all pairs.

6 Results

The experimental results for the synthetic, Junyi, and OLI datasets are shown in Table [I] We report
the average intervention benefit I B and final episode rewards from thirty independent runs for five
algorithms: EduQate, TW, WIQL, Myopic, and Random. EduQate consistently outperforms the other
policies across all datasets, demonstrating higher intervention benefits and average rewards.

Zhttps://oli.cmu.edu/courses/engineering-statics-open-free/
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Synthetic Network N = 100, Junyi network, abridged to N¢opics = 7
Niopics = 20 for brevity. OLI network, N = 100, N¢opics = 76.

Figure 2: This visualization compares network complexities from our experiments. The synthetic
dataset (left) shows simpler, isolated groups, while the real-world datasets (Junyi, middle; OLI,right)
displays more intricate and interconnected relationships amongst items.

In terms of I B, we note that all challenger policies do not exceed 50%, indicating two key points.
First, as noted in prior works [9], our results confirm that random policies in educational settings are
robust and difficult to surpass, even when algorithms are equipped with knowledge of the learning
dynamics. Second, our interdependency-aware EduQate performs well over random policies and
other algorithms, highlighting the importance of considering network effects and interdependencies
in EANetRMAB:s.

Notably, WIQL, which relies solely on Q-learning for active and passive actions, performs worse
than a random policy, likely due to misattributing positive network effects to passive actions. Despite
having access to the transition matrix, TW does not perform as well as the interdependency-aware
EduQate. While it has demonstrated effectiveness in traditional RMABs, TW weaknesses become
evident in the current setting, where pulling an arm has wider implications to other arms. Overall,
EduQate has demonstrated robust and effective performance in maximizing rewards across different
datasets. Figure [I]shows the average rewards obtained in the final episode for each algorithm.

Figure 2| provides visualizations of the networks generated from synthetic students and mined from
real-world datasets. The synthetic dataset produces networks with distinct isolated groups, contrasting
with the more intricate and interconnected networks from the Junyi and OLI datasets, reflecting
real-world complexities. Despite these differing topologies and levels of interdependency, EduQate
performs well under all network setups. In Appendix [E.T} we explore the effects of different network
topologies by varying the number of topics while limiting the membership of each item. We find that
as network interdependencies are reduced, the network effects diminish, and such EdNetRMABs
can be approximated to traditional RMABs with independent arms. Under these conditions, our
algorithm does not perform as well as other baseline policies.

Finally, an ablation study detailed in Appendix examines the effectiveness of the replay buffer in
EduQate. The study shows that the replay buffer helps overcome the cold-start problem, where initial
learning episodes provide sub-optimal experiences for students [3].

7 Conclusion and Limitations

In this paper, we introduced EDNetRMABs to the education setting, a variant of MAB designed to
model interdependencies in educational content. We also proposed EduQate, a novel Whittle-based
learning algorithm tailored for EONetRMABs. Unlike other Whittle-based algorithms, EduQate com-
putes an optimal policy without requiring knowledge of the transition matrix, while still accounting
for the network effects of pulling an arm. We demonstrated the guaranteed optimality of a policy
trained under EduQate and showcased its effectiveness on synthetic and real-world datasets, each
with its own characteristic.

Our work assumes that student knowledge states are fully observable and available at all times, which
is a limitation. Despite this, we believe our work is significant and can inspire further research to
improve efficiencies in education. For future work, we aim to extend EduQate to handle partially
observable states and address the cold-start problem in education systems by minimizing the initial
exploratory phase.
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Appendix/Supplementary Materials
A Table of Notations

Table 2: Notations

| Notation | Description |
| N, Niopics | N: number of arms in EANetRMABS; Nyopics: number of topic groups |
| st | st: state of arm  at time step ¢. 1: learned, 0: unlearned. |
| al | al: action of arm ¢ at time step ¢. 0: passive action, 1: semi-active action, 2: active action. |
| s,a | s,a: joint state vector and joint action vector of EdNetRMABs. |
‘ Diy O; ‘ ¢;: the set of arms that includes the arm ¢ and its connected neighbors, ¢; : ¢; that exclude arm 4. ‘
‘ P;:, ‘ P;:, is the probability of transition from state s to s’ when arm 1 is taking action a. ‘
\ Qi(si,a;) \ Qi (s, a;) is the state-action value function for the arm ¢ when taking action a; with state s;. \
| Vi(ss) | The value function for arm i at the state s;. |

B Proof for the theorem

We rewrite the theorem here for ease of explanation.

Theorem 3 Choose top arms according to the \ value in Equation|l|is equivalent to maximize the
cumulative long-term reward.

Proof.  According to the approach, we select the arm according to the A value. Assume arm ¢ has
the highest \ value, then for any arm j, where 7 # j, we have

Ai 2 A
Qlsiai =1) = Qlsiai = 0) + 3 (Qsi,a; = 1) = Qsi,a; = 0)) 2 Q(sj.05 = 1) — Q(sj,0; = 0) + > (Q(s7.a; = 1) = Q(s5,a; = 0))
i€y jesy
Q(sia; =1) + Z (Q(siya; = 1)) + Q(sj,a; = 0) + Z (Q(sj,a; =0)) > Q(sj,a; = 1) + Z (Q(sj,a; =1)) + Q(s4,a; = 0) + Z (Q(si,a; =0))
i€, Jj€d; Jj€d; i€d;

&)

There are two cases:

* arm ¢ and arm j are not connected, and group ¢; and ¢; has no overlap, i.e., o, N ¢; = 0. We
add  >>  Q(sz,a, =0) on both sides, we can have the left side:

2EpiNz¢o;
Qlsisai = 1)+ > (Qsisai = 1) +Qsjy a5 =0)+ 3 (Qlsyia; = 0) + 37 Qlszy0:=0)
1€, J€d; 2¢pinzgd;
=Q(si,a; = 1) + Z (Q(sira; =1)) + Z (Q(sj,a; =0))
i€, ige;
:Q(Sv a= Hz)

(6)

Similarly, the right side becomes
Q(sjra;=1)+ > (Q(sjra; =1) + > _(Q(si,a; =0)) = Q(s,a =1 (7)
j€d; i¢e;
Thus, the equation [2]becomes
Qs,a=1) > Q(s,a=1;) 8)

* arm ¢ and arm j are not connected, but group ¢; and ¢, has overlap, i.e., ¢; N ¢; # (. In this
case,weadd 3 Q(ss,a:=0)—3 4, Q(sz a: = 0) on both sides, we can have the
2¢PpiNzEd; !
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left side:
Q(siya; =1)+ Z(Q(S“Uq:1)>+Q(8],(L]:O>+ Z(Q(s],a]:()))Jr E Q(sz,a. =0) — Z Q(sz,a. =0)

i€o; i€s; 2¢piNzEd; z€¢PiNG;
=Qsiai =1+ Y (Qsiai=1)+ > (Qsjya;=0))+ > Qss,a:=0)— > Q(ss,0.=0)
i€y J€d; 2EpiNzE e, 2€¢iNG;
=Q(siai =1+ > (Q(siai =1)+ > _ (Q(sj,a; =0))
i€, Jgb;

:Q(57 a= Hz)
©))

Similarly, the right side becomes

Q(sj,a; =1)+ Z(Q(sj,ajfl +Z (si,a; = 0)) = Q(s,a = 1) (10)
J€P; i

» arm ¢ and arm j are connected, and group ¢; and ¢, has overlap, i.e., ¢; N ¢; # 0, and

{i,7} C ¢i N ¢;. This case is similar to the previous one, we add > Q(s.,a. = 0) —
2¢piNz¢d;

Zze@m&j Q(s2,a, = 0) on both sides, we can have the left side: Q(s,a = I;) and the right side

Q(s,a=1,).
]

We show that, using Theorem |1} selecting the top arms according to the A value is guaranteed to
maximize the cumulative long-term reward, thus proving it to be optimal.

However when it comes to the case where k£ > 1, selecting the top k arms according to the X value
is not guaranteed to be optimal. Let the ® denote the set of arms that are selected, i.e., a; = 2 if
i € ®. Because once the arm ¢ is added to the selected arm set @, the benefit of selecting arm j will
also be influenced if the arm j has the shared connected neighbor arms with arm 4, i.e., ¢; N ¢; # 0.
To this end, finding the optimal solution is difficult, as we need to list all the possible solution sets.
The non-asymptotic tight upper bound and non-asymptotic tight lower bound for getting the optimal
solution are o(C(n, k)) and w(N), respectively.

We provide the proof for Theorem[2} Proof. ~ When considering the influence of the shared neighbor
nodes for two selected arms, then selecting arm ¢ will influence the future benefit of selecting arm
j if arm ¢ and arm j have the overlapped neighbor nodes, i.e., ¢; N ¢; # (). This is because the
calculation of A;, as some arms z € ¢; N ¢; already receive the semi-active action @ = 1 due to the
selection of arm i, the subsequent selection of arm j would not double introduce the benefit from
those arms z who already included in ¢;. However, if the top k£ arms ranked according to their A
value do not have any overlaps in their connected neighbor nodes, i.e, ¢; N ¢; = () for Vi, j, where
arm ¢ and arm j are top k arms according to A value. We can directly add those top k arms to the
action set ®, and the solution is guaranteed to be optimal. Then we have the non-asymptotic tight
lower bound for getting the optimal solution which is w(N). Otherwise, if the top k arms ranked
according to their )\ value have any overlaps in their connected neighbor nodes, to get the optimal
solutions, we need to list all possible combinations of the k arms, which have the C(n, k) cases, and
computing the corresponding sum of the A value. In this case, we can derive that the non-asymptotic
tight upper bound for getting the optimal solution is o(C'(n, k)). O

C Greedy algorithm when k£ > 1

When k£ > 1, it is difficult to compute the optimal solution as we might list all possible solutions, and
the complexity is O(C(n, k)), Thus we provide a heuristic greedy algorithm to find the near-optimal
solutions. The process to decide the selected arm set ® is as follows:

1. We first compute the independent \ value for each arm 4, where i € {1,..., N}, where
)\i = Q(si7ai = 1) - Q(S’u a; = 0) + 276¢: (Q(Si7ai = 2) - Q(8i7 a; = 0))’
2. We add the arm with the top A value to the set ®;

3. We recompute the \ value for the each arm, note that we will remove Q(s;,a;) in the A
equationif j € ® or j € ¢; for Vi € ®;

13
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4. we add the arm with the top A value to the set ®, and repeat the step 3 and 4 until we add &
arms to set .

The intuition of such a heuristic greedy algorithm is to add the arm that maximizes the marginal gain
to the action. And the complexity for the greedy algorithm is O(M)

D Generating Student Models from Junyi and OLI Dataset

In this section, we describe the features in Junyi and OLI dataset which we use in developing the
transition matrices.

The datasets contain the following features which we use in various aspects to generate the student
models and the network:

» Topic & Knowledge Component Classification: Items are classified into topics (Junyi) or
KCs (OLI). This classification is employed to group items and establish the initial network.

* Similarity: The Junyi dataset offers expert ratings for exercise similarity, enabling a nuanced
approach to form richer group memberships. High similarity scores group exercises together,
irrespective of topic tags.

* Difficulty: The Junyi dataset provides expert ratings to determine the relative difficulty of
exercise pairs. In the OLI dataset, we use the overall correct response rate as a measure of
difficulty.

» Rate of Correctness: By analyzing student-exercise interactions, we calculate the frequency
of correct answers for each question, offering insights into the improvement of knowledge
over time.

D.1 Active Transitions

Junyi Dataset The Junyi dataset contains earned_proficiency feature which indicates if the
student has achieved mastery of the topic based on Khan Academy’s algorithnﬂ Thus, we take the
number of attempts before earned_proficiency=1 as P02_’1, and the errors made during mastery as

2
Pyy.

OLI Dataset We possess records of students’ accuracy on quiz questions after studying specific
topics. To derive the transition matrix for the student with the corresponding action 2, we utilize the
change in correctness rate before and after a learning intervention.

Given that proportion of correct attempts at time ¢ as a’, then a'™' = P, (1 — a’) + P, (a"). We

use a linear regressor to estimate the respective P2, constraining it to produce positive values and
clipping the values to 0.99 when required.

D.2 Passive Transitions

To construct passive transitions for exercises, we utilize relative difficulty scores to determine
transitions based on difficulty levels. We operate under the assumption that the difficulty of an
exercise is linked to its likelihood of being forgotten, thereby resulting in a higher failure rate. More
precisely, higher difficulty values of an exercise correspond to higher Pﬂo values, indicating a greater
likelihood of forgetting. The transition matrix for the passive action a = 0 is then randomly generated,
with the values influenced by the difficulty levels.

D.3 Semi-active Transitions

To derive semi-active transitions, the Junyi dataset contains similarity scores between two distinct
exercises, quantifying their similarity on a 9-point Likert scale. Once the transition matrices are
computed under the active action a = 2 for all arms, we proceed to calculate the transition matrix

3http://david-hu.com/2011/11/02/how-khan-academy-is-using-machine-learning-to-assess-student-
mastery.html
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for the semi-active action @ = 1. This involves normalizing the similarity scores to the range [0, 1],
denoted as o. For any chosen arm/topic, we can then compute its neighbor’s transition matrix under
the semi-active action a = 1 with Py, = o(Fg ), where o signifies the similarity proportion. It is
worth noting that an arm’s transition matrix for the semi-active action varies due to different neighbors
being selected — different neighbors correspond to different similarity scores.

To address this, we can store the transition matrix of semi-active actions for different neighbor
selection scenarios, preserving the flexibility of our algorithm. In this work, for simplicity, we opt
not to distinguish the impact of different neighbors being selected. Instead, we calculate the average
similarity for all arms in a group average them, and use the resultant average as o.

For the OLI Statics dataset, we use a constant value of ¢ = 0.8 since there are no similarity scores
available.

E Additional Experiment Results and Discussion

E.1 Comparing Different Network Setups

—— Edulate {witout Replay Buffer) ™ WwiaL — Myopic Random

MNo. of topics = 20

0.35
0.30
0.25
0.20
0.15

Average Rewards

0.10 4
0.05 4
0.00 4

0.30

0.25 4

0.20

0.15 4

0.10 4

Average Rewards

0.05 4

0.00

0.25 4

0.20 4

015 4

010

Average Rewards

0.05 -

0.00 4

T T T T
0 10 20 0 40 50

Timestep
Figure 3: Average rewards for the respective algorithms, on the last episode of training. Note that as

Niopics increase, the network effects are reduced, and most algorithms are not better than a random
policy.
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Table 3: Comparison of policies on synthetic dataset, with different network setups. Note that that as
Niopics increase, the reliability of any algorithms decreases, as seen by the standard deviations of
their average I B. EduQate- here refers to the EduQate algorithm without replay buffer.

Ntopics PoLICY E[IB] (%) (£)

WIQL -57.9+13.1
20 MyYOPIC 0.24 +£ 8.2
™ 32.6+7.0
EDUQATE- 100.0
WIQL -292 + 1162
30 MyoPrIC 180 + 600
™ 122 + 277
EDUQATE- 100
WIQL 307 + 1069
40 MYoOPIC 212 £ 526
™ 434+ 1124
EDUQATE- 100

525 We present the results for different network setups in Table[3] We note that as the number of topics
s26  approach the number of arms (i.e. Nyopics = {30, 40}, all algorithms perform in a highly unstable
527 manner, as reflected in the standard deviations presented. We emphasizes here that the performance
528 of EduQate is dependent on the quality of the network it is working on, and tends to thrive in more
s20 complex, yet realistic scenarios, such as the Junyi dataset presented in Figure 2} We present an
530 example of a graph generated when Ngpics = 40 in Figure@, where we notice that many arms do
531 not belong to a group. Under this network, the EAONetRMAB can be approximated to a traditional
RMAB, where the arms are independent of each other.

- =

| II
1
- |
I (]
I dEa ac
1
@ |\
Figure 4: Synthetic network when Nyopics = 40. Note that some arms are without group members,
and do not receive benefits from networks. Node colors represent topic groups.

532
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Figure 5: Average rewards across 800 episodes of training, across 30 seeds. EduQate- (orange) refers
to the EduQate algorithm without replay buffer.

E.2 Ablation of Replay Buffer

Table 4: Comparison of EduQate with and without (EduQate-) Experience Replay Buffer policies
across different datasets. Results reported are of the final episode of training.

PoLICcY E[IB] (%) +

SYNTHETIC JUNYI OLI
EDUQATE- 104.74 + 32.56 76.90 & 4.72 107.30 £ 11.77
EDUQATE 100.0 100.0 100.0
PoLIicYy ]E[R} +

SYNTHETIC JUNYI OLI

EDUQATE- 32.032 +£0.469 22.133 £0.544  25.16 £0.432
EDUQATE  34.331 £0.489 24.527£0.314 25.468 £ 0.469

We investigate the importance of the Experience Replay buffer in EduQate, as shown in Figure [5] and
Table[d For the Simulated and Junyi datasets, EduQate without Experience Replay (EduQate-) does
not achieve the performance levels of the full EduQate algorithm within 800 episodes, highlighting the
importance of methods that aid Q-learning convergence. In real-world applications, slow convergence
can result in students experiencing a curriculum similar to a random policy, leading to sub-optimal
learning experiences during the early stages. This issue is known as the cold-start problem [3]].
Future work in EANetRMABs should explore methods to overcome cold-start problems and improve
convergence in Q-learning-based methods.

F Q-Learning
Q-learning [23]] is a popular reinforcement learning method that enables an agent to learn optimal
actions in an environment by iteratively updating its estimate of state-action value, (s, a), based on

the rewards it receives. The objective, therefore, to learn Q* (s, a) for each state-action pair of an
MDP, given by:

Q*(s,a) =r(s) + Z P(s,a,s") - V*(s)

s'eS

where V*(s') is the optimal expected value of a state, is given by:
V*(s) = mazqeca(Q(s, a))
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Q-learning estimates Q* through repeated interactions with the environment. At each time step ¢,
the agent takes an action a using its current estimate of () values and current state s, thus received a
reward of 7(s) and new state s’. Q-learning then updates the current estimate using the following:

Qnew(sa a) <~ (1 - O‘) . Qold(saa)
+a-(r(s) (11)
+7 - mazaeaQola(s’, a))

where « € [0, 1] is the learning rate that controls updates, and + is the discount on future rewards
associated with the MDP.

G Experiment Details and Hyperparameters

Category Parameter Value
buffer_size 10000

Replay buffer batch_size 64
WIQL/EduQate v 0.95
« 0.1

Table 5: Hyperparameters for Replay Buffer and Q-learning
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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 summarize our contributions and provide the scope of the paper in the
abstract and introduction.

Guidelines:

* The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

. Limitations

Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]

Justification: Limitations were discussed in the final section.

Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate "Limitations" section in their paper.

* The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

* If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory Assumptions and Proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [Yes]
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Justification: Proofs are provided in Appendix [4.1]
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 inappendix or supplemental material.

e 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: Experriment details are provided in both the main body and the appendix.
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: Code and the transition matrices are provided as supplementary materials.
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: Relevant details are provided in the main body, as well as the 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.

. 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: In our experiments, we report and display the standard error across all seeds.
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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10.

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: The current paper only requires CPU-level of compute and is mentioned in the
Experiment section.

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: All datasets used were anonymized by the respective authors.
Guidelines:

e 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: [Yes]

Justification: The current work has positive implications for applied machine learning in
education settings, and is discussed in the Introduction section. As far as we can see, we
don’t think there are negative impacts for education.

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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11.

12.

» The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]
Justification: The current paper does not release any new assets.
Guidelines:

* The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
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: Code [[17] and datasets [[7} 4] were appropriately cited.
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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14.

15.

* 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: [NA]
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: [NA|
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: [NA|
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.
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