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ABSTRACT
Recent developments in machine learning have the potential
to revolutionize education by providing an optimized, per-
sonalized learning experience for each student. We study the
problem of selecting the best personalized learning action that
each student should take next given their learning history;
possible actions could include reading a textbook section,
watching a lecture video, interacting with a simulation or lab,
solving a practice question, and so on. We first estimate each
student’s knowledge profile from their binary-valued graded
responses to questions in their previous assessments using
the SPARFA framework. We then employ these knowledge
profiles as contexts in the contextual (multi-armed) bandits
framework to learn a policy that selects the personalized
learning actions that maximize each student’s immediate
success, i.e., their performance on their next assessment.
We develop two algorithms for personalized learning action
selection. While one is mainly of theoretical interest, we
experimentally validate the other using a real-world educa-
tional dataset. Our experimental results demonstrate that
our approach achieves superior or comparable performance
as compared to existing algorithms in terms of maximizing
the students’ immediate success.

1. INTRODUCTION
In traditional classrooms, learning has largely remained a
“one-size-fits-all” experience in which the instructor selects a
single learning action for all students in their class, regardless
of their diversity in backgrounds, learning goals, and abilities.
The quest for a fully personalized learning experience began
with the development of intelligent tutoring systems (ITSs)
[6, 19, 38, 40]. However, to date, ITSs are primarily rules-
based, meaning that building an ITS requires domain experts
to consider every possible learning scenario that students
can encounter and then manually specify the corresponding
learning actions in each case. This approach is not scalable,
since it is both labor-intensive and domain-specific.

Machine learning-based personalized learning systems [30]
have shown great promise in reaching beyond ITS to scale
to large numbers of subjects and students. These systems
automatically create personalized learning schedules, a series
of personalized learning actions (PLAs) for each individual
student to take that maximizes their learning. Examples of
PLAs include reading a textbook section, watching a lecture
video, interacting with a simulation or lab, solving a practice
question, etc. Instead of domain-specific rules, machine
learning algorithms are used to select PLAs automatically by

analyzing the data students generate as they interact with
learning resources.

The general problem of creating a fully personalized learn-
ing schedule for each student can be formulated using the
partially observed Markov decision process (POMDP) frame-
work [31]. POMDPs utilize models on the students’ latent
knowledge states [23, 28] and their transitions [8, 11, 18, 22]
to learn a PLA selection policy (a mapping from the knowl-
edge state space to the set of learning actions) that maximizes
a reward received in the possibly distant future (long-term
learning outcome). Previous work applying POMDPs to
personalized learning have achieved some degree of success
[4, 9, 32, 33]. However, learning a personalized learning
schedule using a POMDP is greatly complicated by the curse
of dimensionality; the solution quickly becomes intractable
as the dimensions of the state and action spaces grow [31].
Consequently, POMDPs have made only a limited impact in
large-scale personalized learning applications involving large
numbers of students and learning actions.

A more scalable approach to personalized learning is to
learn a PLA selection policy using the multi-armed bandits
(MAB) framework [10, 27], which is more suitable to opti-
mizing students’ success on immediate follow-up assessments
(short-term learning outcome). The simplicity of the MAB
framework makes it more practical than the POMDP frame-
work in real-world educational applications, since it requires
far less training data.

1.1 Contributions
In this paper, we study the problem of selecting PLAs for
each student given their learning history using MABs. We
first estimate each student’s latent concept knowledge profile
from their learning history (specifically, their binary-valued
graded responses to questions in previous assessments) us-
ing the sparse factor analysis (SPARFA) framework [23].
Then, we use these concept knowledge profiles as contexts in
the contextual (multi-armed) bandits framework to learn a
policy to select PLAs for each student that maximize their
performance on the follow-up assessment.

We develop two algorithms for PLA selection. The first
algorithm, CLUB, has theoretical guarantees on its ability
to identify the optimal PLA for each student. The sec-
ond algorithm, A-CLUB, is more intuitive and practical; we
experimentally validate its performance using a real-world
educational dataset. Our experimental results demonstrate
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that A-CLUB achieves superior or comparable performance
to existing algorithms in terms of maximizing students’ im-
mediate success.

1.2 Related work
The work in [27] applies an MAB algorithm to educational
games in order to trade off scientific discovery (learning about
the effect of each learning resource) and student learning.
Their approach is context-free and thus not ideally suited for
applications with significant variation among the knowledge
states of individual students. Indeed, it can be seen as a
special case of our work in this paper when there is no context
information available.

The work in [36] applies a contextual bandits algorithm to
the problem of selecting the optimal PLA for each student
given their previous exposure to learning resources. In their
approach, each dimension of the context vector corresponds
to the students’ exposure to one learning resource. Thus, the
context space quickly grows large as the number of learning
resources increases. Our approach, in contrast, performs
dimensionality reduction on student learning histories using
the SPARFA framework and uses the resulting student con-
cept knowledge profiles as contexts. This feature enables our
approach to be applied to datasets where student learning
histories contain a large number of learning resources.

The work in [29] collects high-dimensional student–computer
interaction features as they play an educational game and
uses them to search for a good teaching policy. We emphasize
that our approach can be applied to almost all educational
applications, not just computerized educational games, since
it only requires graded response data of some kind.

The works in [10] and [20] both use some form of expert
knowledge to learn a teaching policy. The approach of [10],
in particular, uses expert knowledge to narrow down the
set of possible PLAs a student can take. Our approach, in
contrast, requires no expert knowledge and is therefore fully
data-driven and domain-agnostic.

The work in [26] fuses MAB algorithms with Gaussian pro-
cess regression in order to reduce the amount of training
data required to search for a good teaching policy. Their
work requires the policy to be parameterized by a few pa-
rameters, while our framework does not and can thus learn
more complicated policies using only reward observations.

The work in [35] found that various student response models,
including knowledge tracing (KT) [11], IRT models [28, 34,
5], additive factor models (AFM) [8], and performance factor
models (PFM) [16] can have similar predictive performance
yet lead to very different teaching policies. While these
results are indeed interesting, we emphasize that the focus
of the current work is to develop policy learning algorithms
rather than comparing student models.

2. PROBLEM FORMULATION
We study the problem of creating a personalized learning
schedule for each student by selecting the PLA they should
take based on their prior learning experience. We assume
that a student’s learning schedule consists of a series of as-
sessments with PLAs embedded in between, a setting that is

Assessment	
  1	
   PLA	
  
1	
  

…Assessment	
  2	
   Assessment	
  3	
  PLA	
  
2	
  

Figure 1: A personalized learning schedule.

typical in traditional classrooms, blended learning environ-
ments, and online courses like MOOCs [12, 13]. Each PLA
can correspond to studying a learning resource, e.g., reading
a textbook section, watching a lecture video, conducting an
interactive simulation, solving a practice question, etc., or
a combination of several learning resources.1 Assessment
could be a pop-quiz with a single question, a homework set
with multiple questions, or a longer exam. Each student’s
personalized learning schedule can be visualized as in Fig-
ure 1, where a PLA is taken between consecutive assessments
(starting after Assessment 1).

The goal of this work is to select the optimal PLA for each
student given their learning history (their graded responses to
previous assessments) that maximizes their immediate suc-
cess, i.e., the credit they receive on the following assessment.
We aim to learn this learning action selection rule from data.
For simplicity of exposition, we will place PLA 1 between
Assessment 1 and Assessment 2 (as encased in the box in
Figure 1) as a running example throughout the paper.

Let A denote the total number of PLAs available, let K
denote the number of latent concepts covered up to As-
sessment 1, and let Q denote the number of questions in
Assessment 2, with si, i = 1, . . . , Q the maximum credit of
each question. Let Yi,j denote the binary-valued graded
response of student j to question i, with Yi,j = 1 denoting a
correct response and Yi,j = 0 an incorrect response. In order
to pin down a feasible PLA selection algorithm, we make
two simplifying assumptions: i) We assume that a reliable
estimate of each student’s latent concept knowledge vector
(estimated from their graded responses to Assessment 1),
denoted by cj ∈ RK , is available to the PLA selection algo-
rithm. Such an estimate can be obtained using any IRT-like
method, e.g., SPARFA [23]. ii) We assume that the PLA
selected for each student will directly affect their performance
on Assessment 2.

With this notation in place, we can restate our goal as
selecting a PLA for student j, given their current concept
knowledge2 cj in order to maximize their performance (i.e.,

their expected credit
∑Q

i=1 siE[Yi,j ]) on Assessment 2.

2.1 Background on bandits
The multi-armed bandit (MAB) framework [3] studies the
problem of a player trying to learn a policy that maximizes
the total expected reward by playing (pulling the arms of)
a collection of slot machines with a fixed number of trials
and no prior information about each machine. Each ma-
chine has a fixed reward distribution that is unknown to the
player. The key to maximizing the total expected reward
is to find the right balance between exploration (playing

1
Our notion of PLA is very general, and we do not restrict ourselves

to studying a single learning resource.
2
In practice, we augment cj as [cT

j 1]T to add an “offset” parameter
to each arm.
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machines that might yield high rewards) and exploitation
(repeatedly playing the machine with the highest observed
reward). Analogously, a personalized learning system must
strike a balance between testing the efficacy of every learning
action (exploration) and maximizing the students’ learning
outcomes using observations on the actions (exploitation)
[27].

Contextual (multi-armed) bandits [1, 2, 15, 24, 37] extend the
MAB framework by accounting for the existence of additional
information on the player and/or the machines, referred to
as “contexts”, in order to improve the policy. Our PLA selec-
tion problem fits squarely the contextual bandits framework,
where the current estimates of students’ concept knowledge
correspond to the contexts and each PLA corresponds to
an arm. Pulling an arm corresponds simply to selecting a
PLA. In this paper, the context will include only information
on the students. See Sec. 5 for a discussion on extending
our framework to incorporate information on the learning
resources into the contexts.

3. ALGORITHMS
The two algorithms we develop in this section are so-called
upper confidence bound (UCB)-based algorithms [3]. These
algorithms maintain estimates of the expected reward of
each arm together with confidence intervals around these
estimates, and iteratively update them as each new pull and
its corresponding reward is observed. They then pull the arm
with the highest UCB on the reward, which is equal to the
expected reward plus the width of the confidence interval.

3.1 CLUB: An algorithm in theory
We first develop the contextual logistic upper confidence bound
(CLUB) algorithm in order to provide theoretical guarantees
for the PLA selection problem. We assume that the binary-
valued student responses to the questions in Assessment 2
are Bernoulli random variables with success probabilities
following a logistic model

p(Yi,jas
= 1)=Φlog(cTjas

wa
i )=

1

1 + e
−cT

jas
wa

i

, s = 1, . . . , na,

where wa
i ∈ RK is the parameter vector that characterizes

the students’ responses to question i after taking PLA a.
Also, jas denotes the index of the sth student taking PLA a,
and na denotes the total number of students taking PLA a.
Φlog(·) denotes the inverse logit link function.

The maximum-likelihood estimate (MLE) of wa
i is

“wa
i = arg min

w

−
na∑

s=1

log p(Yi,jas
|cjas

,w), (1)

which can be computed using standard logistic regression
algorithms [17] whenever the MLE exists (see [39, Sec. 5.1]
for a detailed discussion on the conditions under which the
MLE exists).

As detailed in Algorithm 1, CLUB maintains MLEs of the
parameter vector wa

i of each PLA together with a confidence
interval around it. Then, after receiving a student’s concept
knowledge vector cj , CLUB selects the PLA with the high-
est UCB on the expected credit on the student’s following
assessment.

Algorithm 1: CLUB

Input: A set of student concept knowledge state estimates
cj , j = 1, 2, . . ., and parameters λ0, δ, η, ε

Output: PLA aj for each student, j = 1, 2, . . .
MLEall exist ← False, na ← 0, ∀ a
for j ← 1 to ∞ do

if MLEall exist then
Estimate “wa

i , ∀ i, a according to (1)

Σa ← λ0IK +
∑na

s=1 cjas
cTjas

, ∀ a
aj ←
arg maxa

∑Q
i=1 si(Φlog(cTj “wa

i ) + ci(na)
»

cTj Σ−1
a cj)

else
Randomly select aj among PLAs where ∃ i s.t. “wa

i

does not exist
naj ← naj + 1

MLEall exist ← True
for a← 1 to A do

for i← 1 to Q do
if “wa

i does not exist (verified via [39, Thm. 2])
then

MLEall exist ← False

The constants in Algorithm 1 are given by ci(na) =√
2K(3 + 2 log(1 + 2a2m/λ0)) lognaK/δ/bi,a, where am =»
K + 2

√
K log(1/η) + 2 log(1/η) and bi,a = 1/(2 +

e‖w
a
i ‖2am + e−‖w

a
i ‖2am), and 0 < δ, η � 1. Algorithm 1

exhibits theoretical optimality guarantees (omitted due to
space constraints and available at www.sparfa.com [21]).

3.2 A-CLUB: An algorithm in practice
Since in practice we do not know the values of the constants
∆a,j and also need to set the parameters ε, δ, and η, Al-
gorithm 1 and its theoretical guarantees are not directly
applicable. Furthermore, as the number of students grows,
the confidence bounds around the estimates of each PLA’s
parameters might become overly pessimistic, causing the
algorithm to over-explore [15]. Therefore, we now develop a
second CLUB-like algorithm that leverages the asymptotic
normality of the MLEs of the PLA parameters [14]. The
asymptotic normality property states that, as the number
of students grows large, the estimation error of the param-
eter wa

i for each PLA converges to a normally distributed
random vector with zero mean and a covariance matrix that
is a scaled inverse of the Fisher information matrix

Fa :=

na∑

s=1

cjas
cTjas

2 + e
cT
jas

wa
i + e

−cT
jas

wa
i

.

Thus, we can build a confidence ellipsoid around the point
estimate generated by (1), albeit asymptotically. In practice,
since the true values of the parameters wa

i ∀ i, a are unknown,
we will use their estimates “wa

i to approximate the Fisher
information matrix.

Armed with the confidence ellipsoid, we can now compute
the upper bound of the expected response of student j on
each question in Assessment 2 after taking PLA a. This cor-
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Algorithm 2: A-CLUB

Input: A set of student concept knowledge state estimates,
cj , j = 1, 2, . . ., parameter α

Output: PLA aj for each student
MLEall exist ← False, na ← 0, ∀ a
for j ← 1 to ∞ do

if MLEall exist then
Estimate “wa

i , ∀ i, a according to (1)

Fa ← λ0IK +
∑na

s=1

cjc
T
j

2+e
cT
jas

wa
i +e

−cT
jas

wa
i

, ∀ a
aj ←
arg maxa

∑Q
i=1 siΦlog(cTj “wa

i +
»
α(cTj F−1

a cj)/na)

else
Randomly select aj among PLAs where ∃ i s.t. MLE
of wa

i does not exist

naj ← naj + 1

MLEall exist ← True
for a← 1 to A do

for i← 1 to Q do
if MLE does not exist for wa

i (verified via [39,
Thm. 2]) then

MLEall exist ← False

responds to the following constrained optimization problem3

minimize
w

− 1

1 + e
−cT

j
w

subject to (w −“wa
i )TFa(w −“wa

i ) ≤ α/na,

where α is a parameter controlling the size of the confidence
ellipsoid and thus the amount of exploration. The solution

to this problem is given by w = “wa
i +

√
α

nac
T
j
F−1

a cj
F−1
a cj .

Therefore, we obtain an upper bound for the expected grade
for student j on question i after taking PLA a as Φlog(cTj “wa

i +»
αcTj F−1

a cj/na). We thus arrive at Algorithm 2, which we

dub asymptotic CLUB (A-CLUB).

4. EXPERIMENTS
In this section, we validate our algorithms experimentally on
personalized cohort selection using a college physics course
dataset. We will compare the performance of Algorithm 2
against other baseline (contextual) MAB algorithms. We
do not compare Algorithm 1, since its theoretical bounds
are usually too pessimistic in practice [15]. For comparisons
using two additional datasets, see [21].

Dataset. The dataset consists of the binary-valued graded
responses in a semester-long physics course administered on
OpenStax Tutor [30] with N = 39 students answering 286
questions. Cognitive science experiments were conducted in
this course to test the effect of spacing versus massed practice
on the students’ long-term retrieval performance of knowledge
[7]. For this purpose, the students were randomly divided
into two cohorts containing 19 and 20 students. There are

3
We assume cj is non-zero; otherwise we would simply select a PLA

at random.

Figure 2: Average student credit on Assessment 5 vs.
number of students used by three algorithms. Stu-
dent performance on the follow-up assessment in-
creases as the algorithms have access to more train-
ing data. Concretely, using data from 38 students,
A-CLUB finds a PLA selection policy whereby stu-
dents perform approximately 10% better than select-
ing randomly.

a total of 11 weekly assessments and 3 review assessments
throughout the course. In the first three assessments, both
cohorts received the same set of assessment questions. Start-
ing from Assessment 4, apart from the same set of assessment
questions both cohorts received on the concepts covered in
the current week, each cohort also received additional, differ-
ent questions. One cohort received spaced practice questions
related to the concepts they learned several weeks earlier,
while the other cohort received massed practice questions re-
lated to the concepts they learned in the current week. Each
cohort received some spaced practices and some massed prac-
tices throughout the semester so that the sets of questions
assigned to each cohort were identical in the end.

Experimental setup. Since the students in Cohorts 1 and 2
receive different sets of questions on Assessment 4, we investi-
gate how this difference affects their learning on the concepts
they learn next, i.e., their performance on Assessment 5.
Treating each cohort as a PLA, our goal is to maximize the
students’ performance on Assessment 5 by assigning them to
the cohort (selecting the PLA) that benefits them the most.
Therefore, in our setting the number of PLAs is A = 2. We
take the students’ graded responses to questions in Assess-
ments 1–3 and apply SPARFA to estimate each student’s
K-dimensional concept knowledge vector cj , which we use
as the context. We set the number of concepts to K = 3.4

Since Cohorts 1 and 2 also receive different questions for
Assessment 5 as part of the spacing vs. mass retrieval prac-
tice experiment on new concepts covered in Week 5, we take
the set of Q = 5 questions shared between the two cohorts
to evaluate their performance. Since MAB algorithms ana-
lyze students sequentially, we randomly permute the order
of the students and average our results over 2000 random
permutations.

4
In our experiments, we have found that the performance of SPARFA

and A-CLUB is robust to the number of concepts K as long as K � Q.
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A-CLUB LINUCB UCB

Training set 3.69 3.68 3.65

Test set 3.89 3.77 3.70

Table 1: Performance comparison of A-CLUB
against two baseline algorithms on personalized co-
hort selection on the physics course dataset. A-
CLUB outperforms the other algorithms in terms of
average student credit on the follow-up assessment
(out of a full credit of 5) on both the training and
test sets.

Evaluation method. We use the unbiased offline evaluation
approach in [24, 25] to evaluate our algorithms. We use only
the students that were actually assigned to the same cohort as
chosen by our algorithms and ignore the other students. This
approach evaluates the decision making algorithms under
the scenario where the data is collected in a specific “off-line,
off-policy” manner, i.e., the data is collected by selecting
PLAs for each student uniformly at random across every
PLA, as opposed to a more typical MAB setting where
PLAs are chosen for students sequentially given the observed
follow-up assessment performance of previous students. Such
a scenario fits our experimental setup well and yields an
unbiased estimate of the expected reward for each student
[25]. We use the students’ total credit on Assessment 5, i.e.,∑Q

i=1 siYi,j , as the metric to evaluate the performance of
the algorithms.

Results and discussion. Figure 2 shows the students’ av-
erage credit (out of a full credit of 5) on Assessment 5 vs.
the number of students the algorithms use for the algorithms
A-CLUB, LINUCB [24], and UCB [3]. The parameters in
every algorithm were tuned for best performance. We see
that the average student credit increases as the number of
students the algorithms observe increases, i.e., the algorithms
improve their PLA selection policy as they see more training
data. As a concrete example, by comparing the average
student credit at the first and last points on the curves, we
see that A-CLUB has found a policy that yields students
approximately 10% more credit than a policy that selects
PLAs randomly.

Following the approach in [24], we also conduct an experiment
by separating the dataset into a training set with 80% of the
students and a test set with 20% of the students, to validate
both the efficiency (performance on the training set) and
efficacy (performance on the test set) of A-CLUB. We train
the above three algorithms on the training set and apply
the learned PLA selection policy to the test set, and report
the average student credit obtained on both sets. Table 1
indicates that A-CLUB outperforms the other algorithms on
both the training set and the test set. Better performance
on the test set means that A-CLUB learns a better policy
than the other algorithms, while better performance on the
training set means that it learns this policy very quickly as
the amount of training data increases.

5. CONCLUSIONS AND FUTURE WORK
In this paper, we have proposed a contextual (multi-armed)
bandits framework for PLA selection that maximizes stu-
dents’ immediate success on a follow-up assessment, given the
latent concept knowledge estimated from their binary-valued
graded responses to questions in previous assessments. Our
contextual logistic upper confidence bound (CLUB) algo-
rithms learn such a policy and achieve better or comparable
performance than baseline algorithms.

There are a number of avenues for future work. First, our
context vectors are indexed by student features only, while
in the general contextual bandits setting the contexts can
be indexed by both student features and features of the
learning resources. SPARFA-Trace [22], a recently developed
framework for time-varying learning and content analytics,
features a mechanism to analyze the content, quality, and
difficulty of all kinds of learning resources (i.e., textbook
sections, lecture videos, practice questions, etc.). We can
apply this approach to extract features from the learning
resources that we can integrate into the contexts in our algo-
rithms. Second, we can incorporate an additional PLA that
corresponds to “no action”, due to the cost of taking actions,
as considered in [36]. This extension would enable students
with high knowledge on the concepts covered to avoid re-
peated practice and advance more quickly to new concepts.
Third, we are interested in integrating our approach into
more sophisticated contextual bandit algorithms, e.g., [37]
to reap further performance improvements.
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