
I. Introduction 
• The prevalence of COVID-19 over the past 

year has illuminated the need for 
effective digital education tools. With 
students studying from home, teachers 
have struggled to provide their students 
with adequately challenging coursework.

• Our project aims to solve this issue in the 
context of math. More specifically, our 
goal is to encourage thoughtful learning 
by supplying students with personalized 
two-number addition problems that take 
time to solve but that we expect the 
student can still answer correctly. 

• Our solution is to model the process of 
selecting a math problem to give a 
student as a Markov Decision Process 
(MDP) and then use Q-learning to 
determine the best policy for arriving at 
the most optimally challenging two-
number addition problem for that 
student.
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II. Features

• A Problem generator produces all possible 
combinations of two three-digit integer 
addition problems and bins the problems 
based on a set of features. The math problems 
are characterized by four features, Table 1.

• For two three-digit addition problems, there 
are 1 million total possible problems that can 
be given. Our feature extractor bins these 
problems into 49 distinct states. 

II. Data

• For this project, we create a simulated student 
for each group member and aptly name them: 
Amanda, Cortney, Takara. 

• Each member solved four randomly generated 
problems for each state (mentally). A 
distribution of response time and probability of 
correctness was created for each state from 
which the simulation sampled from. 

VI. Discussion 
• Experiment 1 demonstrates that the algorithm 

can give appropriately difficult problems; 
however, it takes many iterations to arrive 
there. Experiment 2 shows that we can speed 
the process up by pre-training. 

• This observed improvement is reasonable since 
there are similar trends in what students find 
difficult. For instance, three-digit problems 
usually take longer to solve than two-digit 
problems. 

• Inspection of student data shows that 
everyone has unique strengths and 
weaknesses. This is a likely why it takes several 
iterations for Amanda to adapt to the pre-
trained Q-table from Cortney and Takara. 

VII. Future work 

• The project can be easily scaled towards 
different types of problems such as 
subtraction, multiplication, division and could 
be expanded towards solving algebraic 
problems or word-based math problems. 

• Future work may also use deep-Q learning to 
alleviate the need for feature engineering. 
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State Representation

Example Math Problems
number 1 
digit count

number 2 
digit count

# of carry 
operations

# of 
zeros

1 1 1 0 1+9 2+8 9+6

2 2 1 2 10+90 30+70 70+50

2 3 1 0 11+119 15+793 23+291

3 3 3 0 111+889 116+888 898+114

IV. Experiments & Results 
• The first experiment aimed to answer how 

quickly (number of iterations) the algorithm 
can give an appropriate level problem for 
simulated each student.

• The second experiment aimed to answer 
whether pre-training on Cortney and Takara 
would make the process faster for Amanda.

Iterations (mean ± std)

Amanda Cortney Takara

Experiment 1 162 ± 134 230 ±2 05 247 ± 236

Experiment 2 35 ± 44 - -

Table 2. Results


