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Abstract
New developments in machine learning techniques have created opportunities for
the Human Computer Interaction (HCI) community to incorporate more intelligent means to improve and enhance user experience during interaction. This
thesis starts by exploring and identifying a suitable role where machine learning
algorithms can play to improve the design of interactive systems. Once the area has
been identified, a suitable learning algorithm has been designed and evaluated to
ensure it is able to address the constraints posed by human-in-the-loop interactive
systems.
Firstly, a user study was conducted to explore design factors that might influence
users performance during competitive and cooperative gameplay. A key observation
was that there is a significant performance decline when the disparity in abilities
between the gaming partners is large. This result suggests that to maintain a
high level of cognitive engagement, performance disparity among group members
needs to be moderated. In order to reduce this disparity, stronger users should
be challenged with harder tasks and less competent users should be presented
with easier tasks. In short, automatic task difficulty adaption was seen to be an
important area in improving the design of interactive systems and maintaining user
performance. This motivates the subsequent research on how the difficulty level of
a series of tasks can be autonomously adjusted based on each individual’s ability,
especially in relation to the design of responsive intelligent tutoring systems.
Traditionally, difficulty level is often determined by domain experts based some
hand-crafted rules. However, with the adoption of Massive Open Online Courses
(MOOCs), it has become harder to manually personalize task difficulty as the system designers are faced with a very large question bank and a user base consisting
of individuals with diverse backgrounds and ability levels. This research focuses
on developing a data-driven method to adaptively adjust difficulty levels in order
to maintain a target user performance in a visual memory task the difficulty level
of which is highly variable among di↵erent individual. The first challenge is to
xi

xii
obtain personalized difficulty ranking. This was addressed using a clustering-based
method which can learn a personalized difficulty ranking based on pre-collected
data. A novel general method for determining the number of clusters was proposed
by exploiting the curvature information in the clustering objective function. Unlike
existing methods which often requires substantiated computational resources and
parametric assumptions, the proposed approach is computationally efficient and
suitable for use in real-time interactive applications.
The next challenge is the issue of difficulty adjustment which was formulated as a
reinforcement learning problem. Reinforcement learning (RL) is a class of machine
learning algorithms which is concerned with sequential decision making. Unlike
traditional RL problems, like controlling robots (MuJoCo) or playing board games
(game of Go), where accurate simulators exist, the environment being considered
here is a typical HCI system which involves a human in the loop. The cost of
taking a sample is thus a critical consideration as it directly a↵ects user interaction experience and impacts the perceived responsiveness and intelligence of the
interactive system. In addition, unlike many recent RL studies, the action space
considered in this work is significantly larger, comprising of hundreds of di↵erent
visual memory tasks. To address these constraints, a novel bootstrapped policy
gradient (BPG) framework was developed, which can incorporate prior knowledge
of difficulty ranking into policy gradient to enhance sample efficiency. BPG was
applied to solve the difficulty adaptation problem in the challenging RL environment comprising of large action spaces and short horizons, and was demonstrated
to be able to achieve fast and unbiased convergence both in theory and in practice.
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Chapter 1
Introduction
1.1
1.1.1

Background
Personalized Interactive Systems Design

One of the key goals in Human-Computer Interaction (HCI) research is to improve
interactive systems design to facilitate high-quality interactive experiences. The
traditional approaches evaluate several hand-crafted designs based on the experience and intuition of the designer [4, 5]. Specifically, the designers need to first put
together a few design options based on their domain knowledge and then conduct
some experiments like A/B testing to select a design choice that leads to the best
result. The e↵ectiveness of such design decisions, therefore, relies heavily on the
domain expertise of the designers. To alleviate this issue, some research works [6–8]
applied machine learning techniques, like Bayesian optimization, to automate this
process by exploring the design space more efficiently. However, these approaches
usually optimize a certain objective, e.g. the user engagement sampled across the
whole population. After the o✏ine analysis, a universal and static design decision is
employed for all subsequent users. Such design decisions, though generally optimal,
may not accommodate certain groups of users well. In fact, with the widespread
use of the Internet, interactive systems are faced with the challenge of a far more
diverse user base with di↵erent background and ability levels, bringing an emerging
need to personalize interactive systems design to address varying individual traits
(see Figure 1.1).
1
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Figure 1.1: Static versus personalized interactive systems design.

Tailoring the behavior of the system to a particular user has the potential to make
the interaction more e↵ective and engaging. For example, in online educational
systems, to make learning activities more e↵ective, personalized education contents
and pedagogical strategies can be provided to di↵erent students based on their
background and learning styles [5, 9–12]. In recommendation systems, to enhance
the click-through rate, di↵erent items can be fed to di↵erent users according to their
individual interests [13, 14]. Similarly, in gaming systems, to enhance immersion or
play retention, di↵erent displays or challenge levels can be presented to the players
based on their current expertise levels [15–19].
To support personalized interactive experiences, suitable adaptation needs to be
made on the design of the interactive systems to accommodate user di↵erences.
Specifically, in term of the objectives of adaption, it can be summarized from two
aspects. The first is to address the individual di↵erences among the heterogeneous
user set by adapting the environment to the specific current user whom the system is currently facing. The second aspect of adaptation is to accommodate the
changes within the same user as he or she develops skills and changes strategies
after extended engagement. As to what is to be adapted in the interactive system
design, this will depend on each application scenario. The adaptation can be applied in various design spaces, such as altering the horizontal spacing and vertical
gap between pipes in the flappy bird game [7], changing the position of spawns
of enemies in the shooting game [17]. Besides these numerical or continuous design spaces, adaptation can also deal with categorical design choices, like choosing
command set for a gesture-based interface [20], selecting intervention messages in

Chapter 1. Introduction

3

an online crowd-sourcing platform [21], determining pedagogical strategies in an
education system [22].
Of particular interest to this thesis is the adaptation of the challenge levels. Designers have always endeavored to present appropriate difficulty levels to the users.
This topic has been discussed in various contexts, including e-learning [5, 9, 23],
computerized adaptive testing [24], dynamic game balancing [18], procedure content generation [25, 26]. Based on the flow theory [27], a task being too hard may
lead to frustration and a task being too easy may lead to boredom. Likewise, theoretical supports have also been provided for difficulty adaptation on the education
front. The theory of the zone of proximal development (ZPD) [28] argues that
providing the students with the tasks that are just beyond their current ability can
sca↵old the learning process. Many researchers have conducted empirical studies
for difficulty adaptation. For example, in an educational game, the difficulty level
of questions are dynamically tuned according to the student’s grade [23]. In a fighting game, the opponent’s behavior, in terms of the kicks and punches, is changed
to match the player’s ability level [18, 29]. In a shooting game, difficulty level is
adjusted by altering the type of enemies and weapons [16]. In a racing game, the
speed of the last place player is boosted up to balance the game difficulty [25].
However, when it comes to the key question of how the adaption is actually conducted, many existing implementations follow simple heuristic rules, like reducing
the number of enemies by certain amount if the damage made is above some level
in a shooting game [16], or increasing/decreasing the difficulty level by one for
three consecutive correct/incorrect answers in an education systems [9]. These
rules can be problematic in noisy and imprecise environments due to its deterministic feature. Furthermore, even though some solutions employed probabilistic
models [18, 23] to control the adaptive behavior, it is unclear how to ensure the
stochastic methods converge to the optimal solutions. More importantly, when it
comes to describing the users’ individual di↵erences, there is a lack of considerations regarding users’ strengths and weaknesses. A certain type of tasks may be
particularly hard for some but easy for others. But many existing works employ a
universal task difficulty ranking for all the users. For example, in [18], to determine
which fighting action by the opponent are more e↵ective, a universal fixed ranking
denoted as Q value, is learned. This information is then used to help alter the
opponent behavior in the fighting game to match the players’ abilities. With this
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approach, the relative e↵ectiveness of a fighting action is assumed to be same for
all the players, despite the fact that one player may find the kicking action harder
to handle and another may consider the punching action more difficult instead. In
short, the adaptation mechanisms in the previous works often use heuristic rules
to guide difficulty adaptation and fail to take these personal traits into account.
This thesis aims to design a dynamic difficulty adaptation mechanism to deal with
these challenges. Specifically, the proposed algorithm seeks to address four goals.
First, the method needs to detect the individual di↵erence in its richness. Instead
of a scalar value, the user attributes should be depicted by a multi-dimensional
representation to capture users’ strengths and weaknesses. Second, rather than
using static adaptation rules for all the users, the adaptation needs to have the
capacity to make use of the prior information of user characteristic to personalize adaption decisions for di↵erent users. The third requirement is regarding the
responsiveness or adaptation speed. Since the detection directly a↵ects the quality of the adaptation, given a new user, the detection of the user profiles should
occur quickly without extensive calibration. Also, to ensure a desirable user experience, the adaptation should achieve fast convergence within a short duration
of exposure. In other words, unlike o✏ine methods, a key requirement for online
adaptation methods is to be sample efficient and to make predictions and decisions based on a limited number of gameplay observations. The last requirement is
regarding the robustness of the algorithm, as there is always a high level of uncertainty associated with human behaviors. The detection method needs to overcome
the possible inaccurate information within the training data and maintain good
generalizability. The adaption needs to achieve stable and unbiased convergence
in an environment with stochastic noise.

1.1.2

Human-in-the-Loop Machine Learning

This thesis focuses on how machine learning (ML) can be incorporated into the
design of intelligent interactive systems while taking into considerations the unique
challenges and constraints introduced by having the human in the loop.
Supervised learning and unsupervised learning are able to extract useful information from data and making reasonable predictions for unseen cases. This ability
can be potentially used to identify and understand the individual di↵erences among
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the users in the interactive systems. In the recent decade, groundbreaking results
have been achieved by machine learning in the tasks of object recognition [30] and
speech recognition [31]. However, to obtain good performance, a large neural network containing lots of parameters is often used as the function approximator. To
determine the values of the parameters usually relies on a great number of training
data. For example, the ImageNet [30], which is widely used for training in the
object recognition tasks, includes millions of images. Unfortunately, in realistic
interactive applications with humans in the loop, it is challenging to build such
large training datasets since there is a high cost associated with data collection.
Additionally, the data collection process in the training stage may lead to poor
interactive experience for the users since user adaptation is not yet in place.
Reinforcement learning (RL) is a class of machine learning algorithms that can be
used to make a sequence of decisions in complex environments. This sequential
decision-making ability can potentially be applied to help make design decisions in
the interactive systems. RL has achieved significant success in the high-dimension
continuous control of robotic locomotion [32, 33] and achieving human-level gameplay [34–36]. However, a large batch size is often needed to achieve stable convergence. For example, while applying policy gradient in reinforcement learning
for simulated robotic locomotion tasks (Mujoco), the common choice of batch size
is often above 1000 [32, 33, 36, 37]. Such a large batch size cannot be used in a
responsive interactive application as it will result in slow adaptation to the user.
Instead of batch update, incremental update, which updates the parameter immediately after receiving feedback from the user, is more practical in ensuring a
desirable user experience.
Therefore, it is not straightforward to simply translate the success of existing datahungry machine learning algorithms into real-world interactive applications. The
main objective of this thesis is to develop efficient ML algorithms particularly suited
for use in interactive systems design. This e↵ort has been coined as human-in-theloop machine learning. To avoid confusion in terminology, it should be noted that
this phrase has been used in a di↵erent context in interactive machine learning [38–
40] and interactive reinforcement learning [41] to address the idea of exploiting
the human knowledge, e.g. learning from a human demonstrator to accelerate
the training of ML algorithms [42], or allowing the system designer to coach and
correct classifier in the design of perceptual user interfaces [38]. The main goal
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of these works is to improve the learning efficiency of machine learning algorithms
with the help of human expertise, whereas the research here seeks to improve the
human-machine interaction with the help of machine learning algorithms. Thus,
when applying RL to these two kinds of research, the reward scheme is di↵erent.
Nevertheless, these two kinds of research both require e↵ectively extract useful
information from limited human feedback.

1.2

Major Contributions

This thesis makes contributions in the inter-disciplinary areas of human-computer
interaction and machine learning. During the course of this research, two computerized games were designed and deployed to capture the quantitative data that
measured a user’s attention level and visual memory ability. Analysis of these
empirical data provided interesting insights into the various factors that can influence a user’s selective attention and visual memory characteristics. On the machine learning front, two sample efficient machine learning algorithms have been
proposed. The first addresses issues in cluster analysis and the second addresses
limitations in the existing policy gradient algorithms. These new algorithms have
been specifically designed to handle many of the unique constraints in human-inthe-loop machine learning but they are also useful for general ML applications not
related to interactive system design.
At the onset of this research, challenged to investigate how ML can be used to improve interactive systems design, a user study was conducted to develop deeper
insights into factors that influence human performance during various humancomputer interaction scenarios. Based on the findings of the user study, it was
decided that dynamic difficulty adaptation (DDA) was important and useful area
to address in order to support a more human-centered approach to interactive
system design. Next, an online visual memory game was designed as the data
gathering and algorithm evaluation platform to conduct the DDA study. Finally,
machine learning-based difficulty adaptation algorithms were proposed, which includes two components as shown in Figure 1.2: one part detects and understands
distinctive user characteristic and other part uses this information to adjust the
difficulty levels for each individual user in a stable and responsive manner. The
main contributions are summarized as follows:

Chapter 1. Introduction

7

Figure 1.2: The overview structure of the proposed dynamic adaptation system.

• Identified the positive influence of peer accountability in enhancing attention

levels and the negative e↵ects of “large performance disparity” that provided
the motivation for the subsequent DDA research.

• Designed a visual memory game as a testbed for the study of difficulty adaptation, in which a quantitative measure of the task difficulty can be obtained
via in-game performance;
• Proposed a curvature-based approach for the determination of cluster number
which is computationally efficient and can be used with a wide range of
datasets; and introduced a clustering-based method for difficulty ranking
personalization in an online visual memory game platform; and
• Proposed a framework (BPG) for incorporating prior information into policy

gradient to boost sample efficiency; provided theoretical guarantee of unbiased convergence; applied BPG for stochastic difficulty adjustment in an
online visual memory game platform.
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1.3. Outline of The Thesis

Outline of The Thesis

The remaining part of this thesis is organized as follows. Chapter 2 presents a
user study to investigate the influence of several design elements on users’ attention. The findings of this initial study provided the motivation for the subsequent
investigation into dynamic difficulty adaptation (DDA). Chapter 3 presents the
rationale and design of a visual memory game which was employed as the research
platform for collecting data and validating the e↵ectiveness of the DDA algorithms
described in this thesis. Chapter 4 and Chapter 5 addresses two main challenges
in DDA respectively, namely how to identify the individual user di↵erences in difficulty ranking and how to make informed and personalized difficulty adjustment.
Lastly, Chapter 6 concludes this research.

Figure 1.3: The outline of the main body of the thesis (Chapter 2-5).

Chapter 2
Towards Understanding
Gameplay Design
This chapter

1

investigates how the design elements in the interactive systems

may influence users’ cognitive behaviors during gameplay. In particular, the user’s
selective attention, which is a key component that determines their level of engagement during the interaction, is the main focus here. A user study based on
Stroop test [44, 45] was conducted to explore how selective attention level is a↵ected
by peer accountability, performance disparity, and physical distance during multiplayer gameplay. Section 2.1 presents the related works in multiplayer gameplay,
peer accountability and selective attention. Section 2.2 introduces the stimuli design and the research methodology used in the research trial. The research findings
are discussed in Section 2.3.

2.1

Background

To increase motivation and engagement in gameplay, competitive and cooperative
game mechanics are often employed in the interactive systems design. Many researchers have studied their comparative e↵ectiveness and influence on players’ performance. For instance, competition and cooperation have been studied from the
viewpoint of goal structures and the cooperative goal structure was found to result
in higher motivation and e↵ort in a motor-centered activity [46]. Others examined
1
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how scoring mechanisms based on principles of collaboration and competition impact the accuracy and engagement of players in commonsense knowledge collection
tasks [47]. Their results show that the competition-based scoring mechanism maintained the accuracy and increased engagement. Besides goal structures and scoring
mechanisms, cooperative game design patterns can take a variety of other forms in
game mechanics, such as shared goals, synergies between abilities, complementary
roles, and so on [48]. Comparative studies have so far yielded mixed results due
to the use of di↵erent cooperative design attributes and it remains unclear what
influence the various cooperative design features or confluence of features may have
on motivation and engagement. In addition, performance in a cooperative setting
can be often complicated by variations in the group composition such as the ability
disparity between members in the team [49] and space features such as the physical
proximity between partners [50].
Of particular interest in this study is the influence of peer accountability on players’
behavior. Studies in organizational behavior research have shown that accountability, either as a threat or an opportunity, has a wide range of influence on cognitive
activities such as emotional labor, focus, opinions, perceptions, and attentiveness
[51, 52]. In a purely competitive multiplayer gameplay, the players are only accountable to themselves. In cooperative gameplay, on the other hand, the players
are not only accountable to themselves but also accountable to their teammates.
The model of social judgment and choice [53] argues that accountability can serve
as a fundamental force to drive a person’s behavior and decisions because individuals are concerned about their self-image and status in the eyes of others. The
impact of accountability has been extensively addressed in psychology and organizational behavior research [54–56] but studies examining the role of accountability
on multiplayer behavior in game design are still wanting, especially in the context
of comparison between competitive and cooperative gameplay, and is therefore the
focus of this study.
In order to design this comparative study on cooperative gameplay which emphasizes peer accountability and contrasts its influence relative to a competitive
equivalent, care must be taken to minimize the influence of other cooperative design attributes. Firstly, the task in which the players’ performance is measured
during gameplay must remain essentially the same in both the cooperative and
competitive modes. In this way, the measurements obtained in the two gameplay
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modes can be compared directly and without bias. Secondly, while maintaining the
constraint mentioned earlier, the notion of peer accountability must be embedded
in the game mechanics and made explicit to the cooperating players. To achieve
these goals in the cooperative game design, the progress of one player is made dependent on the other in a conjunctive manner but not their individual performance
measure. In particular, a competitive and cooperative version of a game was designed, which employed a simple cognitive task, namely the Stroop task [44]. This
task has been widely used in neuropsychological studies as a measure for selective
attention as the task can be error-prone and requires sustained attention for fast
and accurate performance. In addition, the straightforward Stroop task game was
intentionally kept basic and uninteresting. As pointed out in [57], a task that is
inherently interesting requires little e↵ort in soliciting the player’s attention. In
contrast, an uninteresting task requires the player’s conscious e↵ort to motivate
attention in order to stay in the game. Using such stimuli, the measured attention levels of the players are likely to be dominated by the social influences of the
competitive and cooperative attributes rather than the game itself.
Attention is an important component of engagement and immersion [58]. Attention
is also strongly related to learning outcomes in the educational context [59]. Thus
measuring the players’ performance in terms of their attention level may shed some
light on a wider question of whether a competitive or cooperative scenario will be
more e↵ective in stimulating and sustaining players’ engagement during gameplay.
However, the scope of attention can be either broad or narrow and each leads to
a di↵erent mode of engagement [57]. During an exploratory activity such as doing
flower arrangement, one’s attention is broad in scope and engagement is mostly
driven by curiosity. In contrast, the delicate task of hammering a small nail will
narrow and focus the scope of one’s attention to the exclusion of other irrelevant
competing stimuli. The scope of attention addressed with the Stroop task design
is narrow and as such, the results presented in this study can be generalizable to
activities with well-defined performance measures such as response time, accuracy,
correctness and high scores.
Additionally, the Stroop task design allows us to make quantitative measures of the
players’ cognitive state in terms of the players’ speed and accuracy in answering
each question. Such measures are more objective and do not depend on players’ subjective perception and experiential recall when they are asked to rate the
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attention levels of di↵erent gameplay modes in post-trial questionnaires. Unlike
subjective measures, individualized quantitative measures acquired during gameplay also allow us to analyze several interesting gameplay behaviors of the players.
Firstly, the temporal variations in each player’s response time allow us to study
not only the overall attention level of the players but their ability to sustain this
attention during the gameplay duration. Secondly, the individualized performance
measures during gameplay permit us to investigate the di↵erences in behavior between the stronger and weaker performers in a cooperative setting and the influence
such disparities has on the players’ attention levels.
In summary, this study has several related objectives. The first research interest
is to compare players’ engagement in terms of overall attention level and sustained
attention when playing a cognitive-oriented game in a competitive play mode and in
a cooperative play mode with strong peer accountability. Secondly, given that the
performance disparity between cooperating partners is known to have an impact
on player’s behavior, this study investigates the di↵erence in engagement levels
between the stronger and weaker performers and what influence the extent of this
performance disparity has on the ability of the players to sustain their attention
throughout the gameplay. Finally, given that such cooperation can be performed
either remotely (apart) or in a co-located (close proximity) manner, this study also
set out to investigate if physical proximity has any significant influence on players’
attention level during cooperative play.

2.1.1

Accountability

In the social psychological literature, individual-level accountability is defined as
“an implicit or explicit expectation that one’s decisions or actions will be subject
to evaluation by some salient audience(s) with the belief that there exists the potential for one to receive either rewards or sanctions based on this expected evaluation.” [54]. Accountability to others has been regarded as an important social
psychological link between individuals and social systems [60]. It should be noted
that the peer accountability discussed in this study refers to felt accountability,
which is focused on the actor’s subjective interpretation of accountability from
a phenomenological view of accountability [56] as opposed to the attribution of
accountability from audiences’ point of view [55].
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Empirical research has shown that accountability can influence people in many
ways, including cognition, behavior, a↵ective states and decision making [51]. For
instance, the studies on social interdependence theory suggested that it is crucial
for educators to make sure that the individuals’ outcomes are a↵ected by each
other’s actions and each student is held accountable in order to promote e↵ective
cooperative learning [61]. However, the consequences of accountability are not
always beneficial. High level of accountability was also found to be associated
with some negative outcomes, such as “higher depressed mood at work, lower levels
of organizational commitment and work intensity, and decreased job satisfaction”,
especially when there is a low level of fit between the person and organizational
environment [62].
When it comes to cognitive activities in particular, studies in organizational behavior research have found that accountability can a↵ect what people think (e.g.
preferences) and how people think (e.g. reasoning) [52]. Yet there is little research
in multiplayer gameplay investigating how the accountability to cooperating peers
might influence a player’s cognitive state. In cooperative gameplay, the existence
of teammates as salient audiences can exert extra responsibility and accountability
and might alter players’ cognition and behaviors when the actors explicitly or implicitly regard these “accounts” as part of their self-images to protect and enhance,
as pointed out by the model of social judgment and choice [53]. Therefore, one
of the goals in this study is to investigate the influence of peer accountability on
players’ attention in a multiplayer gaming environment.
Furthermore, the complex relationship between accountability and cognition can
be moderated by many other factors such as the characteristics of the audience.
For example, while being required to give opinions on a controversial issue, subjects
tended to shift their views towards the position that they thought the audiences
held [60]. And other studies found that the cognitive e↵ort participants spent on
the discussion under accountability pressure were related to their partner’ relative
expertise [63]. Specifically, when the subjects thought their partners processed a
similar level of expertise on the topic as themselves, they were observed to give
more cognitive e↵ort. Based on this interesting observation, another goal of this
study is to investigate if a player’s cognitive state during the cooperative gameplay
will be a↵ected by their partner’s relative performance level.
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Selective Attention

Research on competition and cooperation has been conducted with various gameplay genres, like motor-centered, mathematical and brainstorming games, and they
involved di↵erent application domains, such as serious games, educational games,
games with a purpose (GWAPs), etc. [46, 47, 64, 65]. This study is focused on
a simple cognitive game with no particular application domain, where sustained
selective attention is required for good performance. Selective attention refers to
the ability to attend selectively to certain aspects in a situation, while simultaneously ignoring irrelevant information that is also present. We use this in our
daily interactions as it is impossible to give attention to every stimulus in the
environment.
In 1935, J. R. Stroop (Stroop, 1935) published his landmark work on attention and
interference in which the Stroop e↵ect was proposed and it has since been widely
used as a measure for selective attention in numerous psychological studies. In the
Stroop Color-Word Interference Test, the subjects will see a series of words and
are required to name the color each word is printed in, instead of what the word
spells. Research findings observe that when the color of the ink does not match
the name of the color (incongruent condition), the subjects take a longer time and
are more prone to errors in naming the color than in the congruent condition.
The Stroop test involves two stimuli, one is the target (color), and the other is
the distractor (word). While facing two stimuli, attention is needed to decide
whether to attend to the ink color or the word analyzer when each leads to a
di↵erent potential response. Generally, performance on the Stroop task is taken as
the “golden standard” for selective attention [45] and has been widely used in the
neuropsychological study as a measure for selective attention in studying individual
di↵erences, drug e↵ects, and so on. For example, to investigate functional anatomy
of attention, measurements to the changes in regional cerebral blood flow were
taken while subjects were performing the Stroop test [66].
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Multiplayer Gameplay: Competition versus Cooperation

Numerous studies have investigated the relative influence of competitive and cooperative designs on players’ behavior. In physically-oriented exergames, competitive
play has been found to increase energy expenditure and aggression, while cooperative play has been found to increase motivation, pro-social behaviors and promote
continued play [67]. A study related to stress reduction observed a similar decline
of stress levels in the competitive and cooperative gameplay. But the competitive
condition led to a slightly less positive impression of the opponent for the participants [68]. Some positive social benefits of playful competitive gaming were also
reported in a longitudinal study, such as decreasing of conduct problems and improvement of peer relations [69]. Besides these psychological and social e↵ects of
cooperative and competitive gameplay, some studies also examined their physiological influence. While playing an action game (Bomberman), subjects exhibited
higher levels of physiological activities (facial EMG, respiration, electrodermal and
cardiac activities) in competitive play than cooperative play [70]. When it comes
to motor performance, an extensive meta-analysis of the relative impact of cooperative, competitive and individualistic e↵orts on motor skills tasks suggests
that cooperation is the mode that promotes higher performance on motor skills
tasks under most conditions [71]. Another more recent study on a motor activitycentered computer game partially supports this argument in the sense that they
observed cooperative goal structure can lead to greater motivation to put e↵orts
in the game compared to the competitive version, yet no significant di↵erences
in performance were observed [46]. In addition, some studies examined some factors that may moderate the impact of competitive and cooperative gameplay, such
as performance feedback, players’ pre-existing relationship, team ability disparity,
etc. A study on the influence of performance feedback during casual online gameplay found that players had a more favorable perception of their partners when
winning cooperatively and their competitors when losing competitively. However,
they rated their cooperating partners less favorably when they lost together and
their competitors when they beat them. [72]. As for pre-existing relationships,
cooperating with friends was found to result in a stronger goals commitment than
partnering with strangers [46]. However, relationships did not have any significant
influence on the participants’ feelings of hostility or cooperative behaviors after

16

2.1. Background

competitive and cooperative gameplay in a violent video game [73]. As for team
ability disparity [49], the performance in a competitive reward structure was higher
than in a cooperative structure for teams with large disparity. However, when the
disparity is small, no significant di↵erence was observed. Furthermore, studies also
reported the socio-cognitive functions of space features for co-located collaboration
settings [74]. For instance, the majority of participants felt that sitting close together with partners was more e↵ective and more enjoyable for collaboration since
communication was easier [50]. Besides the convenience for initiating and conducting conversations, close proximity can also help maintain task and group awareness
[74].
In the area of education, it has long been established that interaction with peers is
an e↵ective way of developing skills [28] and that knowledge construction is a social
and collaborative process [75, 76]. Works on cooperative learning in the classroom
context suggest peer collaboration can have a positive influence on learning outcomes as well as on general attitude of learners [77, 78]. For example, a study
employing cooperative and competitive versions of the Wii games in a classroom
setting found that cooperative games can benefit the social interaction of students
with behavior and learning difficulties by increasing their classroom interaction
frequency [77]. However, it should be noted that such positive e↵ect of cooperative
learning does not always occur by simply placing students in groups. In fact, from
the motivational perspective, in order to make cooperative learning e↵ective and
successful some key components, like shared goals and individual accountability,
are quite essential [79]. Other factors, such as group composition [80], and instructional material in terms of the type of knowledge involved [81], may also a↵ect
the e↵ectiveness of cooperative learning. Besides collaboration, the advantages of
competition have also been reported in some research studies. In an educational
mathematics game-based study, although both competitive and cooperative modes
stimulated greater situational interest and enjoyment compared to individual play,
only the competitive play mode was found to increase game performance. The collaborative play mode on the other hand, had a higher re-engagement potential [64].
Other researchers have studied how cooperative and competitive elements can be
employed to improve productivity. Such applications include labeling data, collecting commonsense knowledge, etc. For example, one study examined how the
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outcomes of crowdsourcing are a↵ected by social transparency and di↵erent peerdependent reward schemes [82]. The results have shown that social transparency
applied to a collaborative scheme that rewarded the collective output of the paired
workers helped reduce social loafing through peer accountability. On the other
hand, social transparency applied to a scheme that rewarded workers based on
how much they can outperform the other actually increased the incentive to compete, thus increasing their output relative to those who work individually. These
results suggest that an appropriate peer-dependent reward scheme design can motivate higher output from workers. Another study investigated the influence of
competitive and cooperative visualizations on performance, pressure, balance of
participation for group mirrors in a brainstorming session [65]. Their findings suggest that visualizations having a mixture of competitive and cooperative features
stimulated the highest productivity and satisfaction in terms of the number of ideas
generated during the brainstorming session.
As can be gleaned from the findings of the many previous works, the comparative
advantages of competition and cooperation seem varied, inconsistent and dependent upon various factors such as team composition, task type and dimension,
etc [83]. A majority of the past research reviewed presented analysis from data
derived from subjective questionnaires. In contrast, this study has employed quantitative measures to analyze the di↵erences in players’ attention during competitive
and cooperative gameplay. Such dense and sensitive measures permit us to carry
out experimental analysis related to the disparity in performance abilities between
each pair and players’ temporal degradation in performance during gameplay.

2.1.4

Terminology and Notation

Several notations adopted in this study need clarification. In traditional game theory, games are divided into two basic types: competitive and cooperative. However, in the game design community, a third type, collaborative games has been
di↵erentiated as “Cooperative players may have di↵erent goals and payo↵s whereas
collaborative players have only one goal and share the rewards or penalties of their
decisions.” [84]. Based on their definition, the cooperative design in this study is
actually collaborative in nature because the two partners have one collective goal
and share the rewards or penalties. However, to maintain consistency in notation
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with most related works in the literature, the word cooperation is adopted in this
thesis.
Besides competition and cooperation, some works combine the two to examine the
e↵ectiveness of inter-group competition. Investigations on the influence of pure
competition, pure cooperation and inter-group competition on motor performance
in a basketball free-throw activity found that inter-group competition led to higher
levels of intrinsic motivation and performance [85]. In the pure cooperation condition, the team’s goal is to exceed a target number (computed as the mean of previous individual scores) while in the inter-group competition condition, the team’s
goal is to exceed another team’s score. Based on this definition, it should be noted
that the cooperative mode in this study is e↵ectively inter-group competition. In
short, the goal of the competitive gameplay mode is for each individual to beat the
other player and the goal of the cooperative gameplay mode is for the pair to work
together to beat the scores of the previous team.

2.2
2.2.1

Method
Participants

Participants (N = 40) comprising of undergraduates and graduates were recruited
from Nanyang Technological University. Their ages ranged from 20 to 41 years
(M = 26.41, SD = 5.34). The data collection was conducted after the approval of
the NTU-Institutional Review Board (IRB-2016-10-001).

2.2.2

Stimuli

Based on the Stroop e↵ect, a tablet computer-based game was designed focusing
on the incongruent condition with unmatched color and word pairs. During the
game, the players see a set of words. The colors of the words do not match the
words’ meaning, such as shown in Figure 2.1(a), the word “Blue” is in red-colored
fonts. Players are required to select the matching color of the words. For example
in Figure 2.1(a), the correct answer is “Red”. The goal of the game is to complete
as many questions correctly as possible within the 90 seconds allocated per round.
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(b) Cooperative mode

Figure 2.1: Multiplayer game based on the Stroop e↵ect: (a) The game screen
of player B in the competitive mode. The locks are inactive. (b) The game screen
of player A in the cooperative play, where player A has completed correctly (left
lock open) but partnering player B made a mistake (right lock shows a red cross)

This multiplayer game is designed with two gameplay modes, namely cooperative
and competitive modes. To ensure the two players start the game simultaneously,
a third tablet computer (acting as a server) was used by the facilitator to initiate
the game when both the players were ready to start.
In competitive gameplay, the goal of each player is to surpass the score achieved
by the other. As seen in Figure 2.1(a), the current number of correct answers is
shown on the top of the screen and the elapsed gameplay time is shown on the
bottom left. The two players play independently. After 90 seconds is over, the
one who completed the most questions correctly will be announced as the winner
with a “Win!” flashed on her tablet, while the other player receives a “Lose”. Both
receive a “Win!” in the event of a tie.
In cooperative play, the goal of the game is to beat the score the previous participating team achieved during their corresponding round. The team will be informed
whether they have won or lost at the end of each round. Team members cooperate
in the following manner. Both will receive the same question simultaneously. As
seen in Figure 2.1(b), there are two locks on display. Each player controls one lock.
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More specifically, if one finishes the question correctly, he or she will see the left
lock open with the sound of a delightful chime and if his or her partner also finishes the question correctly, he or she will see the right lock open as well. However,
if one team member answers the question incorrectly, a red cross will appear on
the corresponding lock, as seen in Figure 2.1(b), along with the sound of an error
buzzer. Only when both players make their selection, can they move on to the
next question. If any of the two answers is incorrect, the team gets no points.
Note that in the design of this cooperative game mechanics, the cognitive task for
each individual player remains identical to that in the competitive mode, which is
essentially the Stroop test task. As such, we can make a fair comparison of the
performance data collected in all the gameplay modes. However, peer accountability is intrinsically embedded in the cooperative design since one player’s error will
compromise the high score the team can attain. Moreover, since the next question
is only given when both players complete their selection, the reaction time of the
slowest player has the most influence on the high score the team can achieve in 90
seconds. Peer accountability is also made visibly explicit to the players through
the display of two open locks animation and “red cross” error indicator.

2.2.3

Procedure

(a) Competitive mode

(b) Cooperative mode - apart

(c) Cooperative mode - close

Figure 2.2: The three modes: (a) competitive mode, (b) cooperative mode apart, and (c) cooperative mode - close.

Chapter 2. Towards Understanding Gameplay Design

21

Three modes were investigated in this experiment, as shown in Figure 2.2. There
was the single competitive mode shown in Figure 2.2(a) and the two cooperative
modes, both with the same gameplay mechanics except for the physical arrangements of the two partners. The first is cooperative mode - apart and the other is
cooperative mode - close, as shown in Figures 2.2(b) and 2.2(c) respectively. The
40 participants formed 20 team pairs. Within-subject design was used with the
teams playing three di↵erent modes in counter-balanced order. On arrival at the
laboratory, the participants filled out a consent form and answered some profiling
questions before the facilitator started the experiment. Firstly, there was an individual practice session which allowed the participants to familiarize themselves
with the Stroop test task. In this practice session, the participants were required
to finish ten questions correctly. After the practice session, the participants were
asked if they needed more practice. If not, they started the formal experiment
where the participants did three sessions using their assigned order. Each session
consisted of two rounds of 90-second duration gameplay. Before the cooperative
gameplay session, there was also an additional practice round to help players understand the cooperative gameplay design.
Participants also answered two di↵erent survey questionnaires, one per in-between
sessions rest period and in the sequence depending on their counter-balanced order.
They were asked to rate their e↵ort, focus and preference as soon as they were able
to compare the competitive-vs-cooperative modes or the apart-vs-close proximity
modes. Written feedback and comments were also collected.

2.2.4

Measures

There are two common performance parameters used in studies that employ the
Stroop test to measure a subject’s attention level or ability. The Stroop e↵ect is
a demonstration of interference in the reaction time of performing a Stroop task.
As such, a subject’s reaction time during a Stroop test is widely used to gauge
performance. The other is the number of erroneous selections made during the
series of Stroop tests. For example, both time and error-related measures in the
Stroop color-word test was successfully used to discriminate between children with
fetal alcohol syndrome and healthy children [86].
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In this study, the reaction time and error rate were both used to measure the
attention level. Reaction time is defined as the time elapsed from the question
presented to the question being answered. And error rate is defined as the ratio of
the number of incorrect answers to the number all the answers completed. Players
who do not pay attention to the task is expected to take a longer time to complete
the task and is more likely to make mistakes than when they are focused on the
task at hand.
The game score, which counts the number of correct answers completed in 90
seconds, is actually a performance measure that combines the influence of both the
reaction time and error rate. Unfortunately this measure cannot be used in the
analysis because in the cooperative mode, partners need to wait for each other in
order to progress in the game thus providing unfair performance advantage to the
individual competitive mode. However, individual reaction time in the cooperative
mode is independent of the partner’s performance as it does not include the waiting
time. It is therefore a more accurate measure of a player’s attention level in both
modes of gameplay. Cooperative mode error rates are also individual performance
measures as the system records the answers each player chooses independently.
Their erroneous selection only a↵ects the team’s progress in the game but not the
team mate’s own choice.

2.3
2.3.1

Data Analysis and Results
Competitive versus Cooperative Modes

Research findings have shown that compared to individual gameplay, competitive
play and cooperative play can lead to a higher level of engagement. However, results
comparing competitive and cooperative gameplay have been mixed [46, 47, 64]. In
this study, the following research question is proposed:
RQ1: Which multiplayer gameplay mode, competitive or cooperative, results in a
higher level of attention in a cognitive task?
To answer this question, each player’s performance in each gameplay mode in
terms of error rate and average reaction time was computed. Then paired t-test
was used to compare the results from the competitive mode and the cooperative
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mode - apart in order to maintain the physical arrangement attribute constant.
The di↵erences in error rates between the competitive and cooperative modes are
significant, (t(39) = 2.673, p = 0.011). Participants made relatively less errors
during cooperation (M = 2.20%, SD = 3.40%) than during competition (M =
3.23%, SD = 4.35%).
Intuitively, the reduced error rates are expected to be achieved at the expense
of slower reaction time. However, there was no significant di↵erence between the
reaction times in the competitive and cooperative modes, (t(39) = 1.262, p =
0.215). In fact, the average reaction time in the cooperative mode (M = 1.049,
SD = 0.119) is even lower compared to that in the competitive mode (M = 1.083,
SD = 0.219). In other words, the cooperative mode actually led players to make
fewer errors without slowing down their response time. In performing a task like
the Stroop test, this implies more cognitive e↵ort and focus was being employed
by the players during cooperation.

2.3.2

Temporal Performance Changes

The previous analysis used the average reaction times and error rates to analyze the
attention level for the entire game duration. Besides the overall attention levels,
the players’ ability to sustain attention during gameplay was also investigated with
the following research question:
RQ2: Is there any di↵erence between the attention levels at the beginning and
ending stages of the game? And if so, how does it di↵er in the di↵erent gameplay
modes (competitive vs. cooperative)?
To answer this question, the average performance measures at the start of the game
(first 20% responses) were compared with those at the end of the game (last 20%
responses). A two-factor (game stage ⇥ gameplay) repeated measures ANOVA

was used in this study for the reaction time. A main e↵ect of game stage was
found (F (1, 39) = 14.881, p < 0.001). No main e↵ects of gameplay mode or any
interactions were observed (all p > 0.08). Follow-up paired t-tests on main e↵ect of
game stage show that the reaction times increased from the start stage (M = 1.035,
SD = 0.186) to the end stage (M = 1.083, SD = 0.174) in the cooperative modes
(t(39) =

3.248, p = 0.002). In contrast, the change of average reaction times
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in the competitive mode was not significant (t(39) =

1.242, p = 0.222), with

(M = 1.060, SD = 0.194) at the start to (M = 1.080, SD = 0.211) at the
end. These results suggest that the temporal performance decline occurred only in
cooperative mode but not in the competitive mode.

2.3.3

Faster and Slower Players

A common feature in cooperative settings is the di↵erences in general performance
levels among the partners. Some can be faster at the task than others. Group role,
that is, being the faster or the slower player in the group may be a factor that
can impact the player’s focus and e↵ort, since the need to cooperate can stir up
di↵erent types of feelings among players with di↵erent group roles. Faster players
may feel impatient waiting for their slower partners whilst the slower counterpart
may feel pressured and anxious. Therefore the following research question was
considered:
RQ3: Will group role (i.e. the faster or slower players) a↵ect attention level change
in competitive and cooperative modes?

Figure 2.3: Identification of a player’s group role using average reaction time
during the competitive gameplay. Examples of pairs with large and small average
reaction time disparities are group numbers 12 and 11 respectively.
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Adopting the group role notion, the players in each group pair were identified as
the faster or slower player based on their respective average reaction time during
the competitive mode, as seen in Figure 2.3. The performances of the faster and
slower players during cooperation were separately investigated. The two-factor
mixed analysis of variance (ANOVA) with group role types (faster vs. slower
players) as between-subject independent variable and gameplay modes (competitive
vs. cooperative) as within-subject independent variable was conducted for error
rate and reaction time.
Regarding error rate, there was a main e↵ect of gameplay modes (F (1, 38) =
7.967, p = 0.008) found, but no main e↵ect of group role (F (1, 38) = 2.584, p =
0.116) or interaction e↵ect (F (1, 38) = 3.204, p = 0.081) were observed. Follow-up
paired t-tests were performed to examine the main e↵ect of gameplay modes for
error rate in more detail. The results show that for faster players, there was no
significant di↵erence in error rate between the competitive (M = 1.98%, SD =
1.62%) and cooperative gameplay (M = 1.61%, SD = 2.17%) modes, (t(19) =
0.951, p = 0.354). However, the slower players made significantly fewer errors in
the cooperative mode (M = 2.78%, SD = 4.28%) than in the competitive mode
(M = 4.48%, SD = 5.74%), (t(19) = 2.628, p = 0.016). When it comes to reaction
time, a main e↵ect of group role (F (1, 38) = 5.860, p = 0.020) was observed as
expected, but no significant main e↵ect of gameplay modes (F (1, 38) = 1.625,
p = 0.210) or interaction e↵ects (F (1, 38) = 1.798, p = 0.188) were observed.
Paired t-test also revealed that there was no significant di↵erence in reaction time
between the competitive and cooperative modes for both faster players (M = 1.010
to 1.011, SD = 0.194 to 0.119, t(19) =

0.051, p = 0.960) and slower players

(M = 1.157 to 1.087, SD = 0.222 to 0.109, t(19) = 1.712, p = 0.103). These
findings imply that cooperation can help the slower players improve their accuracy
in the cognitive task and this improvement is not at the expense of the faster
players’ performance.
Another analysis was conducted to examine the temporal performance changes
for the faster and slower players. Paired t-test revealed that in the cooperative
mode, the temporal degradation of reaction times was significant for both the faster
players (M = 0.978 to 1.034, SD = 0.127 to 0.132, t(19) =

2.654, p = 0.016),

and slower players (M = 1.042 to 1.108, SD = 0.113 to 0.126, t(19) =

3.204,

p = 0.005). However, in the competitive mode, there was again no significant
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decline in reaction time for both the faster players (M = 1.014 to 1.021, SD =
0.194 to 0.223, t(19) =

0.387, p = 0.703) and slower players (M = 1.106 to

1.139, SD = 0.187 to 0.185, t(19) =

1.248, p = 0.227). These results suggest

that the players’ performance in terms of reaction time degraded over time during
the cooperative gameplay. And this degradation occurred for both the faster and
slower players. Fatigue could be a possible explanation if not for the fact that
this temporal performance degradation should be equally applicable during the
competitive gameplay but is not significantly present. Some other factors could be
at play here.

2.3.4

Large and Small Performance Disparity

An interesting question to ask is what aspects of cooperative gameplay could cause
the observed temporal performance decline. One possible reason is the performance
disparity between the partnering pairs. If the average reaction time between the
faster and slower player is large, the faster player is frequently waiting for the
partner to finish and may feel bored. On the other hand, the slower player may
feel nervous and pressured when the partner’s lock repeatedly opens way before
he is able to answer. Sustained boredom and anxiety could both impair focus
and exert a negative e↵ect on the player’s attention level, leading to a declining
performance with time. Based on this speculation, an additional research question
was explored:
RQ4: Will performance disparity between partners a↵ect temporal performance
changes during cooperation?
The performance disparity for a group is defined as the absolute di↵erence between the average reaction time of the two players during the competitive gameplay. This disparity between partners can vary significantly, as seen in Figure 2.3.
Performance disparity in the pair in group 12 is very large whilst that in group 11
is negligible. In order to answer research question RQ4, all 20 group pairs were
sorted based on increasing performance disparity, as shown in Figure 2.4. The temporal performance degradations of the groups with large performance disparities
(top 40%) were compared with that of the groups with small performance disparities (bottom 40%). A 2 x 2 (performance disparity ⇥ game stage) mixed ANOVA

was conducted for reaction time in cooperative mode - apart. Only a main e↵ect
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Figure 2.4: Groups being sorted based on increasing performance disparity.

of game stages was found (F (1, 30) = 8.042, p = 0.008). No other main e↵ect
(F (1, 30) = 0.289, p = 0.595) or interaction e↵ect (F (1, 30) = 0.860, p = 0.361)
were observed. Follow-up paired t-tests were performed to examine the main e↵ect
of game stage for large and small disparity groups in more detail. For those groups
with large performance disparity, paired t-test suggested significant temporal performance decline occurred from the start stage (M = 1.006, SD = 0.117) to the
end stage (M = 1.064, SD = 0.136), (t(15) =

2.505, p = 0.024 ). Interestingly,

for those groups with small performance disparity, such decline was not significant
(M = 0.997 to 1.032, SD = 0.112 to 0.092, t(15) =

1.559, p = 0.140). These

results imply that the player’s performance seems to degrade with time during
cooperation only when there is a large mismatch in ability between partners in
solving the given task in a timely fashion.

2.3.5

Close versus Apart Sitting Arrangements

Research findings on proxemics show that interpersonal physical distance can influence the interaction between people [87, 88]. In cooperative play, sitting in close
proximity can create an environment that supports both verbal and non-verbal
communications. As such, the potential for a stronger sense of cooperation and
team morale is facilitated. There is however limited research examining the e↵ects
of physical distances during the cooperative gameplay, especially those involving
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a cognitive task that requires focused attention. Therefore, the following research
question was investigated:
RQ5: How does physical proximity influence players’ attention levels during the
cooperative gameplay?
Paired t-test was used to compare the players’ performance while cooperating in the
apart and close sitting arrangements seen in Figures 2.2 (b) and (c), respectively.
The t-test results revealed that there was no significant di↵erence between the
sitting apart (M = 1.049, SD = 0.119) and sitting close (M = 1.065, SD = 0.170)
in terms of average reaction time (t(39) =

1.029, p = 0.310). Similarly, in

terms of error rate, there was also no significant di↵erence found in sitting apart
(M = 2.20%, SD = 3.40%) and sitting close (M = 2.59%, SD = 2.63%), (t(39) =
1.080, p = 0.287).
In terms of temporal performance changes, a two-factor (game stage ⇥ sitting
arrangement) repeated measures ANOVA were performed for the reaction time.

Main e↵ects of game stage were found (F (1, 39) = 27.332, p < 0.001). No main
e↵ects of sitting arrangement or any interactions were observed (all p > 0.08).
Similar to cooperative mode - apart, follow-up paired t-test shows that the reaction
times also increased in the cooperative mode - close (t(39) =

4.187, p < 0.001)

from the start stage (M = 1.010, SD = 0.123) to the end stage (M = 1.071, SD =
0.133). Moreover, this temporal performance degradation was again significant for
both the faster players (M = 0.999 to 1.038, SD = 0.184 to 0.178, t(19) =

2.219,

p = 0.039) and slower players (M = 1.071 to 1.127, SD = 0.185 to 0.162, t(19) =
2.366, p = 0.029). These results suggest that the temporal performance decline
occurred in cooperative mode regardless of sitting arrangements or group roles, but
not in the competitive mode.

2.3.6

Behavioral change after making an error

While examining the reaction time for each answer during gameplay, an interesting
observation was made regarding players response immediately after making an
erroneous selection in the Stroop test. A typical response is shown in Figure 2.5,
where the reaction time to the next question immediately after an error (indicated
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Figure 2.5: A players reaction times during a round of gameplay. Note the
significant increase in reaction time immediately after an error (red asterisk).

by a red asterisk) suddenly increases. Based on this observation we are interested
to answer the following research questions:
RQ6: Will making an error influence players subsequent gameplay behavior? And
if so, how does this influence di↵er in the di↵erent gameplay modes (competitive
vs. cooperative) and di↵erent sitting arrangements (close vs. apart)?
The average reaction times immediately after an erroneous selection were labelled
as post-error reaction times, while the average reaction times immediately after
a correct selection were regarded as the normal reaction times. The data of the
participants who did not make any mistake were excluded in the analysis. A
two-factor (post-error gameplay) repeated measures ANOVA and a two-factor
(post-error sitting arrangement) repeated measures ANOVA were conducted for
the reaction time. Main e↵ects of post-error were found in both studies (F (1, 20) =
15.747, p = 0.001, F (1, 18) = 26.200, p < 0.001) respectively. However, no main
e↵ect of gameplay modes or sitting arrangements or any interactions were observed
(all p > 0.1). Follow-up paired t-test suggests that the post-error reaction times
were significantly longer than normal reaction time in all three gameplay modes.
Specifically, in the competitive mode, the post-error reaction times are significantly
longer (M = 1.390, SD = 0.553) than the normal reaction time (M = 1.068,
SD = 0.213), (t(32) = 3.724, p < 0.001). Also, the post-error reaction times for
cooperative mode - apart and cooperative mode - close of (M = 1.237, SD = 0.190)
and (M = 1.223, SD = 0.279) respectively were also significantly degraded from
the normal reaction times of (M = 1.068, SD = 0.123), (t(22) = 4.851, p < 0.001)
and (M = 1.060, SD = 0.162), (t(27) = 3.259, p = 0.003). These results imply
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that a players reaction time tend to slow down immediately after making an error
and this is una↵ected by whichever gameplay modes or sitting arrangements.
Our cooperative mode design adopted strong peer accountability which will cause
the error made by one player to a↵ect the score the other can receive. In addition,
this partners error is made explicit through audio and visual feedback on the tablet
computer. As such, we are interested to explore the e↵ects of social context and
asked the following research question:
RQ7: Will making an error influence the partners subsequent gameplay behavior
during cooperation? And if so, how does this influence di↵er with the di↵erent
sitting arrangements (close vs. apart)?
A two-factor (sitting arrangement post-partner-error) repeated measures ANOVA
was conducted for the reaction time. There was a main e↵ect of post-partnererror (F (1, 18) = 5.450, p = 0.031) found for reaction time, but no main e↵ect of
sitting arrangement (F (1, 18) = 1.197, p = 0.288) or interaction e↵ect (F (1, 18) =
1.402, p = 0.252) were observed. This results suggest that during cooperation
the partners error can indeed a↵ect the players behavior. Follow-up paired t-test
revealed that in cooperative mode apart there was no significant di↵erence between
the post-partner-error reaction times (M = 1.181, SD = 0.372) and the normal
reaction times (M = 1.051, SD = 0.122), (t(22) = 1.628, p = 0.117). However,
in cooperative mode close, the reaction times were found to significantly degrade
after the partners erroneous responses (M = 1.171, SD = 0.353) compared to
normal reaction times (M = 1.040, SD = 0.169), (t(27) = 2.698, p = 0.012).
These findings imply that even though the reaction times were not observed to be
a↵ected by a partners error when cooperating from a distance, this cannot be said
when they were cooperating in close proximity. Making a mistake seated beside
a partner not only causes ones reaction time to slow down in the next attempt,
it also causes ones team mate who did not make any mistake to adopt a similar
cautious behavior.

2.3.7

Discussion

This study examined the influence of peer accountability on players’ gameplay behavior, in particular their attention levels. The results show that players made
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significantly fewer errors when they were cooperating than when they were competing against each other, suggesting that the sense of peer accountability during
the cooperative gameplay has improved their focus and attention in the cognitive task. However, these results di↵er from those of [46], where they observed
no significant performance di↵erences between cooperative and competitive goal
structures. There are several major di↵erences between these two studies that can
help understand the appropriate context in which the findings in this study can be
generalized.
The first is the nature of the gameplay task. The impact of cooperation varies with
the type of task employed. The study in [46] used a motor activity-centered task
requiring players to pop as many balloons as possible on a computer screen within a
given time. Instead of physical activity, the study in this work employed a cognitive
task that requires players to focus on a stimulus and make a corresponding multiplechoice selection, and repeat this correctly as many times as possible within a given
time. In addition, this study used the simple Stroop Color-Word Interference
test and tertiary-level student participants in order to reduce the influence of task
competency and content knowledge on the players’ ability to perform the cognitive
task. In this way, the performance is predominantly based on the players’ ability
to focus their attention during gameplay. Note that using complex cognitive tasks
such as those involving arithmetic skills have resulted in contrary results which
show competitive and not cooperative mode producing increased game performance
relative to individual gameplay [64]. In short, this study adds to previous research
findings by showing that cooperation can also benefit cognitive tasks that require
focus and selective attention.
The second is the extent of the peer accountability incorporated into the cooperative game design. This study emphasizes explicit and strong peer accountability
by ensuring one’s progress in the game is peer dependent and all players’ current
performance is mutually visible, as illustrated in Figure 2.1(b). In this conjunctive
design of the cooperative play, the participants were made aware that they were
simultaneously attending to the same task as their partner. Based on the shared
attention theory, this conjunctive design can evoke awareness of shared attention
as people tend to devote more cognitive resources to tasks that are thought to
be synchronously co-attended with another [89, 90]. In contrast, the cooperative
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game design of the balloon popping game [46] uses implicit or weak peer accountability as the individual’s e↵ort during the cooperative gameplay is independent
from the partners’. Hence, the results presented with the conjunctive Stroop test
only suggest that performance improvement in terms of reducing error rates during
cooperation may be applicable to cooperative designs with strong peer accountability. It remains to be investigated if similar positive e↵ects of cooperation can be
observed in the scenarios with the weak peer accountability, such as those in [46].

Figure 2.6: Qualitative results from a 5-point Likert scale survey question
asking players to compare their preference for the two gameplay modes. The
numbers selecting the respective response are indicated above each bar plot.

There are several interesting findings in this study that deserves further discussion.
First, this study observed that more accurate performance does not necessarily
translate to a more positive gameplay experience. Players’ preferences for the
two gameplay modes compiled from the questionnaire survey show a more mixed
result, as shown in Figure 2.6. Although there were more players preferring the
cooperative mode (N = 18) than the competitive mode (N = 11), there were still
11 players who held neutral feelings. A sampling of comments from participants
may provide further insights. Some players expressed they were motivated by the
responsibility to the partners during cooperation, such as “Competing as a team
provokes my desire to win for the consideration of other team members”, “I felt
more responsibility to win the game as a part of team”, “Competing as a team
makes me feel greater sense of confidence and I hold the feeling of not wanting
to disappoint the other member ”. However, other players alluded to the loss of
control and the increased stress introduced by the peer accountability “Playing as
individual is easier ”, “The response of the game to my answer is not as timely as
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that in competing individually”, “Competing as a team increases the responsibility
greatly, along with it I feel more stressful. I prefer to work individually”. These
mixed preferences could be the result of the strong peer accountability employed in
the game design. This can make players feel more motivated because of the strong
sense of interdependency and teamwork. But it can also make some feel more
nervous and conscientious about their own performance. Field dependent/field
independent (FD/FI) cognitive styles of each individual may also explain the mixed
preferences observed in this study. The FD/FI dimensions [91] do categories people
into those that prefer group and cooperative activities (i.e. FD) and those who
prefer individualistic and competitive activities (i.e. FI).
Another interesting observation is that peer accountability appears to have a more
positive influence on the performance of the slower players than the faster players.
The slower players made significantly fewer errors when cooperating than when
competing with their faster partners. The fact that these slower players can further improve their accuracy during cooperation suggests that being accountable
to a superior or faster partner can create a strong incentive to put in more e↵ort
and focus. This observed phenomenon is reminiscent of Lev Vygotsky’s view that
interaction with more skilled peers is an e↵ective way for less competent learners to develop skills and mastery [28]. Even though his theories are related to
social learning, the benefits of cooperation with a stronger peer seem to be applicable to multiplayer gameplay too. More pertinently, the findings in this study
mirror that of the Köhler motivation gain e↵ect, first described in the 1920s by
Otto Köhler, a German industrial psychologist [92]. He observed that the weaker
member of a group will exert extra e↵ort that is beyond the usual performance
limits when paired with a stronger partner in a conjunctive task. Such tasks are
similar to the cooperative task with strong peer accountability used in this study,
where the group’s productivity or performance is equal to that of the weakest member. Several social-psychological mechanisms have been suggested to explain this
phenomenon [93]. One is the social comparison process that encourages one’s personal performance goals to be revised upwards when working with a more capable
partner as one becomes aware of a higher performance standard. Another is the
player’s sense of indispensability to the group. The more indispensable one perceives one’s e↵ort is to the group’s outcome, the greater the e↵ort one will exert.
This is normally associated with the feelings of not wanting to let the team down.
It is interesting to note that most studies related to the Köhler motivation gain
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e↵ect have been described in the context of physical activities such a rowing, tethered mountain climbing and exergaming [94–96]. However, this study has provided
empirical support that this e↵ect is equally applicable to a cognitive conjunctive
task. This implies that the Köhler motivation gain e↵ect can also be employed
to motivate and pull up the “weaker link” in cooperative activities requiring focus
and attention, not just physical e↵ort.
In addition, the dynamics of cooperation between unequal partners appears to be
more complicated than it first appears. The influence of peer accountability on the
player’s behavior is not always positive. The analysis of average in-game reaction
time data shows that cooperating partners who have highly mismatched competencies are unable to sustain their performance. There was significant degradation in
their average reaction time by the end of the gameplay duration but this temporal
slowdown was not frequently observed with the closely-matched pairs. Similar negative side e↵ects in cooperation were observed by researchers studying the impact of
team ability disparity playing a Counter-Strike game [49]. They found that under
a cooperative reward structure, playing in a team with high ability disparity had a
negative influence on individual performance. Interestingly, Köhler also observed
that the amount of motivation gains is dependent on the extent of discrepancy
between partners’ abilities [92]. The Köhler discrepancy e↵ect suggests that there
is an optimal ability disparity that can encourage the weaker player to improve but
when this disparity is too large, the motivation gain will start to decrease. The
sense of indispensability when presented in a highly mismatched group can create
high stress and in turn a↵ect sustained performance. This was indeed reflected by
some of the comments in the questionnaire survey such as “Competing as a team
gave me more pressure. I can’t do anything wrong as I need to be responsible for my
partner ”. It is unclear if this observed behavior can be generalized to other types
of cooperative activity designs such as those that have weaker peer accountability
or when the ability disparity is measured by other dimensions besides average reaction time. Nonetheless, this finding provides further support of the relevance of the
Köhler discrepancy e↵ect in the attention-based cognitive task and its implications
on how optimal teams should be formed. Where possible, it is a prudent strategy
to ensure the abilities of team members are not severely mismatched if one hopes
to sustain good teamwork performance.
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Lastly, there are numerous studies on the social and cognitive a↵ordances of spatial features such as distance, proxemics, co-presence and physical visibility of
shared context [74]. The influence of close proximity has been associated with positive emotional, cognitive and behavioral changes in work groups [97]. However,
this study comparing sitting arrangements during the cooperative gameplay shows
that physical proximity does not have any significant positive influence on players’
performance when they are cooperating over a task that required each individual’s
sustained attention and cognitive focus. This result is not surprising when we
consider the fact that the cooperative Stroop test task used in this study can be
accomplished with minimal communication and consultation between partners. As
such, it is not representative of typical cooperative tasks where the positive e↵ects
of conversation [98], task and group awareness [99] can be facilitated by physical
proximity. From the results of the user survey, it appears that people are psychologically a↵ected in di↵erent ways when they cooperate in close proximity. Some
players were a↵ected positively and shared comments such as “I was more focused
because my teammate was sitting beside me” and “when sitting close, the sense of
working in a team is stronger ”. However, others felt increased pressure and distraction. They shared that “sitting close brings pressure” and “sitting further from
my partner decreases the distraction, thus I was more focused ”. In short, it has
been observed that when cooperating over a task that required focused attention,
close physical proximity did not always bring positive influence but might create
undesirable distractions.

2.3.8

Limitations and Future Work

There are several limitations in the generalizability of the findings in this work.
Most notably, the simple cognitive-oriented Stroop task used in the multiplayer
gameplay design is not representative of typical video games, which usually incorporate many complex gameplay and cooperative elements. This study is predominantly focused on the influence of peer accountability, which is most representative
of the commonly used cooperative design pattern called complementarity [48, 100].
It refers to the mechanism that gives players the abilities to complement each
other’s activities. In the game design of this study, the left lock complementing
with the right lock determines whether the players can successfully get the point
and move to the next question. Similar applications of such design feature can be
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found in First Person Shooters (FPS) games. For example, to reach higher grounds,
players need to come to the spot together and piggyback on each other [100]. In
this case, the progress of the team is also dependent on cooperative contribution.
Hence, the results of this study might shed some light on the dynamics between
faster and slower players as well as the influence of their performance disparity
in this specific case. However, besides complementarity, many other cooperative
design features are often employed and intertwined with each other in typical video
games. For example, video games with more complex character designs can support synergies between abilities [48, 100] to allow one character type to assist or
change the abilities of another. The findings in this study may not be generalizable
to such complex multiplayer game design scenarios. Further research is needed to
study how di↵erent cooperative design patterns and the combination of them may
a↵ect players’ attention in more realistic video game settings. The challenge of such
an endeavor is how to account and assign the measured influence to the di↵erent
cooperative design elements as mutual interactions are hard to avoid.
In addition, a simple cognitive task in the form of a Stroop test was employed in
order to measure the attention levels using basic quantitative measures such as
response time and error rate. However, real-life cooperative applications involving
problem-solving and complex decision making often require higher levels of cognitive skills. Under such scenarios, players could exhibit very di↵erent interaction
dynamics and cognitive states during competition and cooperation. Studies employing more challenging cognitive tasks such as multiple-choice-multiple-answer
questions and more sophisticated measures of player performance would be needed
to further explore this comparative investigation using higher cognitive skill sets.

2.4

Summary

This study presented quantitative empirical support for the positive influence of
peer accountability on attention levels in a conjunctive cognitive task. Further
evidence was also provided to support the Köhler motivation gain and Köhler discrepancy e↵ects by demonstrating that the Köhler e↵ects are equally applicable to
cognitive-oriented cooperative tasks as they are to physically-oriented ones. The
implication of these findings for games or collaborative application designers is that
one can employ a cooperative design with strong peer accountability to increase
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players’ attention and performance in terms of accuracy. However, to maintain
such positive influence of peer accountability, the discrepancy between the members’ performance must be properly moderated. Such performance disparity among
players can be ameliorated if there are some meaningfully ways to match or level
up the difficulty of the task presented to each individual player based his or her
ability. This challenge of task difficulty adaptation is the focus of the remaining
chapters of this thesis.

Chapter 3
Difficulty Adaptation for Visual
Memory Game
3.1

Background

In the previous chapter, a user study was conducted to explore design factors that
might influence users’ attention during gameplay. A key observation in this study
is that there is a significant performance decline when the performance disparity
between the gaming partners is large. In a conjunctive cooperative task, if one
player finishes the task much faster than the other partner, the faster partner
needs to wait a long time for the other to keep up. This waiting event can make
the slower one feels anxious and the faster one feel bored. This may lead to overall
performance decline among both players. Therefore, to maintain high learning
gains, the performance disparity among group members needs to be moderated.
One way to reduce the performance disparity is to present faster players with harder
tasks and the slower players with easier ones. In other words, the task difficulty
should be matched with the player’s ability. This leads to the problem of dynamic
difficulty adaption (DDA).
DDA has important applications in multi-disciplinary fields including education,
gameplay, etc. [9, 15, 17, 101–103]. Additionally, besides the applications in the
multiplayer setting as discussed in Chapter 2, previous studies have established
that difficulty adaptation can also greatly benefit individual settings. In the psychology literature, the flow theory [27] suggests when the challenge matches with
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user ability, the user will operate in a flow zone where that the concentration and
engagement can be enhanced to the optimal level. On the other hand, if the task is
too hard or too easy, it will break the flow and may result in anxiety and boredom
respectively. Besides theoretical support, there are also some empirical studies, in
which DDA has been used to tailor game based individual needs and generate engaging experience in computer games [15, 17, 101], and to increase motivation and
sca↵old learning in intelligent tutoring system [9, 102, 103]. Specifically, Hunicke
and Chapman [17] applied difficulty adjustment in a First Person Shooter (FPS)
game to keep player in the flow channel, by detecting whether the player is repeatedly in trouble and provide the necessary resources to help them get out of it. Liu
et al. [15] proposed a difficulty adaptation mechanism based on player a↵ective
state, which uses physiological signals, obtained via wearable biofeedback sensors,
to predict player anxiety level and then adjust the game difficulty accordingly based
on deterministic rules. On the educational front, to investigate the e↵ectiveness of
adaptive difficulty adjustments, Sampayo-Vargas et al. [9] conducted a user study
with 234 secondary school students learning Spanish cognates. The pre and posttests results showed that the learning outcomes of the group with the adaptive
game are significantly higher than that of the non-adaptive group, which suggests
the difficulty adaptation can provide a sca↵old structure to facilitate learning.
In short, the problem of dynamic difficulty adaption is an important area in improving the design of interactive systems and maintaining user performance. This
is the focus of the remaining chapters of the thesis.

3.2
3.2.1

Stimuli
Visual Memory

To study DDA problem, a visual memory task is chosen as the stimuli. Working
memory (WM) refers to the ability to hold information during short time periods [104]. It has been argued that the short-term storage and manipulation of
information in memory is one of the key components in cognitive activity [105].
The working memory capacity, which indicates the maximum amount of information that can be retained in the working memory, is an important factor impacting
the ability for problem solving and reasoning [104]. In fact, a correlation has been
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found between the individual di↵erences in working memory capacity and the differences in academic achievement [106].
Traditionally, working memory capacity is believed to be constant. However, more
recent research works suggest that working memory can be enhanced by training.
For example, Kingberg et al. [107] conducted a controlled trial with 53 children
who su↵ered from attention-deficit/hyperactivity disorder (ADHD). After conducting computerized memory training with more than 20 days, the performance on the
testing visuospatial task (span-board task) was significantly improved in both the
post-test and the follow-up test after 3 months. The results suggest that the working memory can be improved after the computerized, systematic practice of WM
tasks. In fact, a meta-analysis of 25 studies of cognitive training for children with
ADHD revealed that computer-based cognitive short-term memory training can
result in improvements in short-term memory [108]. Moreover, the e↵ectiveness of
working memory training does not only exist for ADHD patients, but some studies
also observed such improvement among healthy subjects. Specifically, after training with a visuospatial working memory task (a letter span task and a backward
digit span task) for 5 weeks, the FMRI results for healthy adult human subjects
showed that neural activities in prefrontal and parietal regions were increased [104].
Such changes in cortical activity seem to suggest the memory training can lead to
some level of plasticity in the neural systems that control the working memory.
In summary, multiple empirical evidence indicates that WM training program can
lead to significant improvements in general WM capacity. However, it should be
noted that it does not mean all the WM training programs lead to positive e↵ects.
To achieve successful results, it is necessary to make the training intense and adaptive. As a matter of fact, no substantial gains in working memory were observed in
non-adaptive training where the difficulty was always set to the initial low level and
sustained memory improvements were only observer in adaptive version training
that matched task difficulty with child’s memory span [109]. Therefore, to ensure
the e↵ectiveness of memory training, it is necessary to make the task difficulty
adaptive to users.
To achieve difficulty matching between the visual memory task difficulty and the
player’s ability, we first need to determine the difficulty of a task for a user. Previous
studies usually used handcrafted rules to determine task difficulty. For instance,
in the commonly used memory span task, in which the subjects need to remember
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and recall a series of ordered items, the number of the items is often regarded as the
difficulty indicator. Depending on the items employed in the span task, there are
digit span task, letter span task, and spatial span task, etc. In these memory span
tasks, the length of items is a key factor for information load and thus a reasonable
measure for the memorization difficulty. However, for some other memory tasks,
the determination of memorization difficulty is not so straightforward. One example is the visual memory task. The capacity of visual working memory is influenced
not only by the number of items but also by the visual information loads of each
item, such as the features of color, orientation and conjunctions [105, 110–112].
Furthermore, other research works have shown that the visual recall of a specific
item can be influenced by the other proximal items in the visual scene. Specifically,
perceptual grouping can facilitate visual working memory and allow factors such
as adjacency, alignment and compound shapes to aid memorization [113]. In fact,
Brady et al..[114] argued “every display has multiple levels of structure, from the
level of feature representations to individual items to the level of groups or ensembles, and these levels of structure interact”. To highlight the complexity of visual
memory, a spatial visual memory task is used in our study (see Figure 3.1). In

Figure 3.1: Spatial-board task: targets are shown simultaneously.

this task, all the targets are simultaneously shown to the subjects. The task is to
memorize and recall the positions of all the targets. This spatial-board task is chosen as stimuli because the difficulty of such a visual memory task cannot be easily
decided by handcrafted rules, like the number of targets. For instance, Figure 3.2
shows two tasks both with 4 targets. The rules based on the number of targets will
label them with similar memorization difficulty. However, most people will find
the Task No.16 with the scattered targets more difficult to remember and recall
than Task No.18 that contains clustered structure. Therefore, a simple rule-based
ranking can be unreliable.

Chapter 3. Difficulty Adaptation for Visual Memory Game

43

Figure 3.2: Two examples of 4-target visual memory tasks: Task No.16 and
Task No.18.

Moreover, when the question bank becomes large, the rule-based difficulty ranking
can be difficult to formulate reliably. Take the two visual memory examples in
Figure 3.3. The Task No.16 contains only 4 targets and the Task No.90 contains 8

(a)

(b)

Figure 3.3: Two examples of visual memory tasks: (a) a task with 4 targets;
(b) a task with 8 targets.

targets. But this does not necessarily make the Task No.90 harder to memorize as
the targets form distinctive structures. In fact, the relative difficulty of each task
may even vary from person to person based on the individual’s visual memory characteristics and memorization strategy. For instance, people with a good perception
of connected structures may find it easier to memorize the Task No.90 despite it
contains more targets. This is called the problem of difficulty ranking personalization (DRP). It should be noted that DRP is not a unique problem for visual
memory game alone. It has been a recurring issue in e-learning design. Based on
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students’ di↵erent backgrounds and styles, the relative difficulties of the questions
are also di↵erent [115]. With the increasing adoption of online education platform
among a diverse user base, there is a growing need to accommodate individual
di↵erences using some form of difficulty ranking personalization.

3.2.2

Game Design

Based on the spatial-board idea mentioned earlier, an online game, called Pals, was
designed as the test bed for the DDA study.
The game was designed with several goals in mind. First, the game needs to
incorporate the visual memory task as part of the gameplay. Second, since the
central concern in the DDA research is related to how hard the visual memorization
task is to the user, a quantitative way to measure the task difficulty must be
designed, preferably via in-game performance data. Third, as the visual memory
task generally requires a high level of sustained attention, the game design needs
to motivate the players to be focused and engaged with the gameplay till the end
of the game. The remaining part of this section explains how these design goals
were addressed in the game design.

3.2.2.1

Gameplay

The spatial-board task is embedded in the gameplay in the following way. In the
game, the player needs to complete 25 memorization tasks correctly. For each
task, a formation, which consists of several targets and distractors, is shown to the
player (see Figure 3.4) after the “Start” button is pressed. The goal of the player
is to memorize the positions of all the targets as quickly as possible and recall
it correctly. The players decide how much time is spent on the memorization of
each task. When the players feel ready, they press the “Ready” button to proceed
to recall the formation. During the recall stage, the formation, including all the
targets and distractors, will disappear (see Figure 3.4). Player needs to recall the
positions of the targets by clicking on the grids. After the player places all the
targets, the results will be shown in green for correct placement and in red for
incorrect ones.
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Figure 3.4: An example of a gameplay sequence in the Pals visual memory
game triggered by the press of the buttons Start and Ready. The Recall stage
ends when the user has placed the required number of targets.

3.2.2.2

Scoring Mechanism

The scoring mechanism is as follows. If the recall is perfect, which means the positions of all the targets are correctly identified, the player will earn some points.
The less time the player takes on the memorization, the more points will be given.
However, if the recall is wrong, i.e. one or more of the placements are incorrect,
the player will lose points instead. Specifically, the memorization time is indicated
by time bubbles. The increase and decrease of game score is determined by time
bubbles. At the start of each task, there are 9 colored bubbles. During the memorization stage, the time bubbles will grey-out one by one as time elapses, until
the memorization stage ends (or there is only one bubble left). And the number
of bubbles left at the end of memorization stage is used to decide the game score.
For example, in Figure 3.5 (a), the memorization takes three bubbles and there
are six bubbles left. Thus, the score will be increased by 6 if correct and decreased
by 6 if wrong. In 3.5 (b), when the user is slower in memorizing and takes up 8
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(a) After memorization, there are 6 bubbles left.

(b) After memorization, there is 1 bubble left.

Figure 3.5: Time bubble and score mechanism:(a) score increased/decrease by
6; (b) score increased/decrease by 1;

bubbles, the score will only increase (or decrease) by 1, the only remaining bubble.
The relationship between the memorization time and the number of bubbles left
(i.e. the change in score) is shown in Table 3.1. To accommodate players’ di↵erent
memorization ability, the time bubble disappears in a non-linear speed. The first
three bubbles disappear at every 800 ms and the next two at every 1000 ms and
the next two at every 1200 ms. The last one does not disappear. The use of a
nonlinear relationship between time bubbles and memorization time is to better accommodate di↵erent memorizing abilities of users. The first few bubbles disappear
at a fast speed to make the players with very good memory still feel challenging.
The last few bubbles disappear at a slow speed to make sure the bubbles do not
disappear too early for the players with poor memory.
The time spent on memorization is used as the quantitative measure of the task
difficulty in the data analysis. The harder a task is, the more time will be needed for
a user to memorize it correctly. However, recall that in the game, the memorization
time is actually decided by the users themselves. Some users may be overcautious
and take more time than they really need to memorize the pattern. On the other
hand, some may make reckless guesses to complete the task as fast as possible. The
proposed scoring mechanism is specially designed to try to discourage these two
scenarios and this is based on the assumption that players will behave in a manner
that will maximize their score. Reckless guessing behavior is discouraged using
score penalty during incorrect placements and focused best-e↵ort memorization is
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Table 3.1: The relation between time bubble number and the corresponding
memorization time.

Time Bubble No.

Memorization Time (ms)

9
8
7
6
5
4
3
2
1

<800
800-1600
1600-2400
2400-3200
3200-4200
4200-5200
5200-6400
6400-7600
>7600

encouraged by rewarding higher scores for shorter memorization time. In summary,
this scoring mechanism is designed to ensure the memorization time can more
accurately reflect the task difficulty for the user.

3.2.2.3

Motivation Design

To increase the playfulness of the game, a story narrative is embedded in the
reward animation. The goal of completing 25 memorization tasks correctly can
be interpreted as collecting 5 planks. To collect one plank, the player need to
complete five visual memory tasks correctly. At the completion of each task, a
cute animation is shown to the player which displays an action conducted by two
“pals”. The five actions involved in the collection of a plank are: conveying the
plank by panda and bear (see Figure 3.6(a)), sawing the plank by fox and squirrel
(see Figure 3.6(b)), pulling the rope by rabbit and hedgehog (see Figure 3.6(c)),
conveying the plank further by panda and bear (see Figure 3.6(d)), and pulling
the rope higher by rabbit and hedgehog (see Figure 3.6(e)). The five actions are
logically connected. After every five actions, a plank will be successfully collected
and shown in the plank collection bar.
At the end of the whole game, there will five planks in the cube (see Figure 3.7).
This plank collection design aims to motivate players to finish the whole game
of 25 tasks. After the player finished the whole game of 25 tasks, the score and
ranking information will be presented (see Figure 3.8). The nearest scores in the
database will also be displayed, with the goal of encouraging the players to better
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(a)

(b)

(c)

(d)

(e)

Figure 3.6: Five cute animations used to motivate sustained gameplay: (a)
convey the plank; (b) saw plank; (c) pull the rope; (d) convey the plank further;
and (e) pull the rope further.

Figure 3.7: Plank collection bar which can contains five planks.

Figure 3.8: Final scene at the end of the game with the game score and ranking
info shown.

their position in the scoreboard by playing another round of 25 tasks. The player
can enter their own nicknames and their names will be shown on the ranking board
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to generate a sense of achievement for the players. Repeated play is encouraged so
that the online visual memory game can collect more performance data.
The full game scene with the span-board, time bubble, plank collection bar together
is shown in Figure 3.9.

(a)

(b)

(c)

Figure 3.9: Full game design: (a) A visual memory task is shown to the user to
memorize; (b) After recall, the result is shown with correct placements in green
and wrong ones in red. (c) For correct answer (i.e. all placements are right), an
animation is shown.

3.3
3.3.1

Experimental Results
Visual Memory Game Implementation

The game was implemented in Javascript, CSS, PHP and published on a website1
supported by Amazon Web Service (AWS). The game data is stored in Relational
Database Service on the AWS.
The task set consists of 100 visual memory tasks in total, which were randomly
generated. The targets number lies between 3 to 8. The full question bank can
be found in the Appendix A.2. In the preliminary study, the task was randomly
chosen from the task set at each time step. The participants were recruited from
the Amazon Mechanical Turk platform. 77 subjects participated in this study. The
1

http://vmg23apr-env.wipf9rh8mt.ap-southeast-1.elasticbeanstalk.com/vmg 23 Apr/

50

3.3. Experimental Results

data collection was conducted after the approval of the NTU-Institutional Review
Board (IRB-2018-06-029).

3.3.2

Terminology

The task set is denoted as A = {a1 , a2 , ..., aA }. The difficulty level of a task
aj is denoted as D(aj ). Difficulty ranking on a task set is described by a vec-

tor, which includes the difficulty levels of all the tasks in the task set DR =
[D(a1 ), D(a2 ), ..., D(aA )].
The player set is denoted as P = {p1 , p2 , ..., pN }. Given a task ai and a player

pj , the perceived difficulty level of this task for the player is denoted as Dj (ai ),
which is measured by the time that the player spends on memorizing the task. The
difficulty ranking of the player pj is denoted as DRj = [Dj (a1 ), Dj (a2 ), ..., Dj (aA )]

3.3.3

Preliminary Results

This preliminary study aims to investigate whether there is a universal difficulty
ranking for all the players. To this end, we examined the relative difficulties of
question pairs for each player. In other words, given two questions, we studied
whether people have a common idea on which one is harder.
The results suggest that people can di↵er in which task is harder and which task is
easier. For example, Figure 3.10 shows two tasks, 55% of players felt Task No.16
harder, i.e. deserves higher memorization time, and 45% of the players felt Task
No.49 harder.
Similarly, for the two tasks shown in Figure 3.11, 42% of people found Task No.49
was harder while 58% found Task No.77 to be harder. These results seem to imply
people cannot agree on the relative difficulty of the question pair. In fact, among
the 1475 question pairs 2 that were examined, this phenomenon exists for more than
one third (34.2%) of them, with about half (40% - 60%) of players indicating one
is harder and the other half (60% - 40%) indicating the opposite. In summary, it
seems that there are more than one difficulty ranking for visual memory tasks and
2

The condition for selection of question pairs is that both questions need to be played by more
than 4 players. Among the data collected, there are 1475 question pairs meeting this condition.
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Figure 3.10: A question pair with Task No.16 and Task No.49

a single universal difficulty ranking will not be representative of the way di↵erent
users memorize a given visual memory task.

Figure 3.11: A question pair with Task No.49 and Task No.77.

3.4

Summary

Motivated by the findings of Chapter 2, dynamic difficulty adaptation (DDA) is
proposed as an important area to improve interactive system design. DDA aims to
match the task difficulty with user ability by presenting the strong users with hard
tasks and the weak users with easier ones. In order to embark on the DDA study,
a spatial visual memory task was chosen. Its complex and user-variable difficulty
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characteristics is representative of typical task difficulty encountered in many applications and will make the proposed DDA investigations more generalizable. An
online game platform was specially designed to embody the visual memory task
and quantitatively capture the task difficulty through in-game performance data
in the form of user’s task memorization time. The preliminary study on the visual
memory game platform confirms the highlighted challenge in DDA, which is that
di↵erent people exhibit di↵erent expression of which tasks are hard to remember
and which ones are easy. The next chapter will deal with this challenge and discuss
how the personalized difficulty ranking for a given user can be obtained.

Chapter 4
Clustering-based Difficulty
Ranking Personalization
As discussed in Chapter 3, each person has a di↵erent sense of which visual memory
task is easier or harder than which. This variation in the order of the task based
on it increasing difficulty is termed difficulty ranking. The difficulty ranking for a
user reflects the characteristic of the user’s strength and weakness in performing
the series of di↵erent tasks and is termed individual’s difficulty ranking profile or
difficulty profile for short. The process to identify the difficulty ranking profile of
each user is called difficulty ranking personalization and is the focus in this chapter
1

. Specifically, this chapter concerns the problem as shown in Figure 4.1. Given a

Figure 4.1: Problem structure of difficulty ranking personalization.
1

The section 4.1 in Chapter 4 is published as [116].
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new user, the system needs to predict the difficulty ranking profile for this user on
the fly based on his or her partial play history while interacting with the system.
To learn personalized difficulty rankings for each user, previous method [115] proposed a KNN style method by combining collaborative filtering algorithms with
social choice theory. During the testing stage, this method needs to compare the
distance of the new sample with all the samples in the training data to determine
the neighbors. This high computational cost is acceptable for o✏ine scenarios but
is impractical for real-time responsive applications. To overcome this issue, this
work proposes to first build a prototype among the training data via clustering,
then compare the distance with the cluster centers. However, to perform clustering,
it is unclear how many di↵erent distinctive visual memory difficulty profiles exist
or can be discriminated. The preliminary results in Chapter 3 only indicate there
are more than one kinds of visual memory difficulty profile among users. To solve
this problem, Section 4.1 presents a technique to determine the likely number of
distinguishable difficulty profiles in a sampled population. Based on this technique,
Section 4.2 proposes a clustering-based difficulty personalization method and applied it in an online visual memory game platform. Examination of the results of
difficulty ranking personalization produced some interesting insights regarding the
characteristics of human visual memory in the spatial-board task.

4.1

Algorithm: Determination of Cluster Number

A straightforward idea to study how many kinds of visual memory difficulty profiles
exist is to perform clustering on pre-collected data. The number of clusters will tell
us the number of di↵erent visual memory difficulty profiles. However, a key challenge here is to determine the number of clusters without a prior knowledge about
the data. In fact, many clustering algorithms su↵er from the limitation that the
number of clusters has to be specified by a human user [117–119]. Consequently,
there have been a number of approaches published in the literature for choosing
the right k after multiple runs of k-Means [120–122], being a very popular machine
learning clustering algorithm. The notion of a cluster is not uniquely-defined as
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it depends on the form of the evaluation function. In order to find the appropriate number of clusters, some approaches [123–125] construct an evaluation graph
by taking the x-axis as the cluster number and the y-axis as the corresponding
evaluation function value. One can then examine the characteristics of such an
evaluation graph to determine the number of clusters. A basic idea is to identify
the knee/ elbow of the evaluation graph. Figure 4.2 (b) and (d) show the evaluation graphs for the two datasets with 3 Gaussian clusters (see Figure 4.2 (a)) and
4 Gaussian clusters (see Figure 4.2 (c)) respectively. In these graphs, the withincluster variance is used as the evaluation metric. We can see the evaluation graph
is monotonically decreasing as the within-cluster variance will decline as the cluster
number k increases. However, the decrease in the within-cluster variance would
become much smaller when k surpasses the true cluster number, as after this point
creating more clusters only lead to partitions within groups rather than between
groups [124]. Therefore, one can visually inspect the knee of the evaluation curve
which corresponds to the correct number of clusters, as shown in Figure 4.2.

(a) Gaussian cluster with 3 components

(b) Evaluation graph

(c) Gaussian cluster with 4 components

(d) Evaluation graph

Figure 4.2: Visual inspection of the knee in the evaluation graph.
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However, determining the knee position of the evaluation curve is actually a nontrivial problem. The visual inspection method is ambiguous especially when there
is a high degree of intermix between the clusters. Salvador and Chan [123] proposed to determine the knee by finding the pair of lines that most closely fit the
curve (with the minimum total root square error) and returning the intersection
of these two lines as the knee. But their method is mainly focused on hierarchical
clustering and segmentation algorithms, of which the evaluation graph is usually
non-smooth and not monotonically decreasing/increasing as is in our case. To solve
this problem, this section proposes a new method to find the knee of the evaluation graph by analyzing and exploiting the curvature information of the evaluation
graph. Works in [126] and [123] have briefly mentioned the idea of employing the
maximum curvature point to identify the number of clusters, however none of them
formally defined and applied the curvature-based method nor discussed the relative
challenges and limitations. In this section, an in-depth discussion on how to use
curvature to find the knee in the evaluation graph is presented.
Specifically, the contributions in this section are threefold. Firstly, the information
in the curvature is exploited to find the knee in the evaluation graph to reduce the
ambiguity inherent in the process of visual inspection. Secondly, the challenges
and limitations of such curvature-based method are analyzed. Finally, to overcome
these challenges to find the cluster number, a new curvature-based heuristic rule
is proposed. The proposed method is evaluated on a wide range of synthetic and
real-world datasets.

4.1.1

Background

The issue of determining the clustering number k is a major challenge in cluster
analysis. To address this problem, numerous approaches have been suggested over
the years. A popular approach is to use an evaluation graph that is constructed by
plotting within-cluster variance J(k) for a clustering procedure against the number of clusters k employed. Using the raw J(k) function to identify the number of
clusters k is impossible since J(k) itself monotonically decreases when k increases.
Nonetheless, as Sugar et al. [124] pointed out, the evaluation graph actually contains the necessary information for choosing the correct cluster number. Some
previous works have analyzed the evaluation graph in the presence and absence of
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the clusters and proposed more sensitive characteristics to determine the cluster
number.
Some early e↵orts proposed heuristic indexes to determine cluster numbers. Calinski et al. [120] suggested an index with the F-test form based on within-cluster
variance. The method is the best performer in the experiments conducted by
Milligan and Cooper [127]. Krzanowski and Lai [122] also derived a criterion using within-cluster variance for choosing clustering number and proposed a plausible
stopping rule. In their work, this criterion outperformed Marriott’s approach [128],
which used within-cluster determinant, rather than within-cluster variance. Another popular heuristic rule was developed by Hartigan et al. [121] based on the
intuition that for k < k ⇤ , where k ⇤ is the optimal cluster number, J(k + 1) is
drastically smaller than J(k), however, for k > k ⇤ , J(k + 1) and J(k) are not that
di↵erent. In the experimental study comprising 8 cluster methods [129], Chiang
et al. found that the Hartigan’s rule can give potentially the best performance
in terms of reproducing cluster number k, however the performance deteriorates
quickly when the clusters are not well separated. Besides deriving measurements
based on within-cluster measure, some approaches compared the within-cluster cohesion with between-cluster separation. Kaufman and Rousseeuw [130] introduced
the concept of silhouette width to measure how well each point is clustered by
di↵erence between within-cluster tightness and separation from other groups. This
method demonstrated good performance in the experiment conducted by Pollard et
al. [131]. Recently, an approach to the problem of estimation of the number of clusters which relies on cross-validation method was proposed by Fu and Perry [132].
The authors consider the task of choosing an optimal value of k as a model selection
problem and address it via a form of Gabriel cross-validation. The value of k with
the smallest prediction error is selected. The experiments show that the proposed
method has competitive performance, especially in high-dimensional settings with
heterogeneous or heavy-tailed noise. In addition, there are some recent studies
utilizing model-based measures to examine the knee phenomenon. Tibshirani et
al. [125] proposed a statistical procedure (gap statistic) to formalize the heuristic
process of finding the location of the knee on the evaluation graph. The idea is
to compare the evaluation graph with its expectation under an appropriate null
reference distribution of the data. The method is widely used in the bioinformatics
community. Unfortunately, it requires heavy computation and may even fail for
larger datasets because of the matrix computing problem. Based on the Gaussian

58

4.1. Algorithm: Determination of Cluster Number

distribution model, Sugar et al. [124] introduced the ideas from the field of rate
distortion theory to examine the graph’s functional form in both the presence and
absence of clustering. From their mathematical derivation and empirical studies,
the graph, when transformed to an appropriate negative power, can exhibit a sharp
jump at the optimal cluster number. This method is computationally efficient but
picking an appropriate transformation power is a non-trivial problem. Besides
exploring the property of evaluation graph which is focused on post-processing
the results of clustering algorithms to determine the number of clusters, there are
some studies on the clustering methods in which the number of clusters can be
automatically founded. A recent method proposed by Rodriguez and Laio [133]
is a density-based clustering approach. Cluster centers are identified as points
with higher densities than their neighbors and by relatively large distances from
the points with higher densities, and the number of clusters arises intuitively after
the cluster centers are determined. Tasdemir et al. [134] proposed an automated
clustering method for self-organizing maps (SOMs). In this method the number of
clusters is determined either by using various cluster validity indices or by prior
knowledge on the considered dataset.

4.1.2

Algorithm

4.1.2.1

Maximum Curvature Point

For the simplicity of discussion, the cluster results of k-Means is used to compute
the within-cluster variance as the evaluation metrics to construct evaluation graph:
J(k) =

k X
X

j=1 xi 2Cj

||xi

x̄j ||2

(4.1)

where Cj is the set of samples belonging to class j and x̄j is the sample mean of
class j.

We propose to use curvature to identify the knee of the evaluation graph (4.1)
in order to reduce the ambiguity stemming from the process of visual inspection.
In mathematics, curvature is the amount by which a geometric object deviates
from being flat, or straight in the case of a line. So the knee in the graph should
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correspond to the point with the maximum curvature. For a curve explicitly given
as y = f (x) , the curvature is defined as:

=

|y 00 |
.
(1 + y 0 2 )3/2

(4.2)

As an example, this curvature method is applied to the real-world dataset Seed [1]
from the University of California Irvine Machine Learning Repository [135] (UCI),
which contains real application data collected in various fields and is widely used
to test the performance of di↵erent machine learning algorithms [136][137]. The
wheat varieties, Kama, Rosa and Canadian, characterized by measurements of
main grain geometric features obtained by X-ray technique, have been analyzed.
The within-cluster variance and the corresponding curvature graph are presented in
Figures 4.3(a) and 4.3(b), respectively. As shown in Figure 4.3(b) the true cluster
number (equal to 3) in fact corresponds to the maximum curvature point.

(a) Evaluation graph

(b) Curvature of the evaluation graph

Figure 4.3: Dataset Seed [1] with real class number equal to 3: (a) Scaled cost
function of k-Means; (b) Curvature of the scaled cost function.

While computing the curvature, a critical problem was discovered. It was observed
that the position of the maximum curvature point changes when the original data
is rescaled. In particular, when the original data is rescaled by a as shown in
Equation 4.3,

xi = axi ,

a 2 R+

(4.3)

60

4.1. Algorithm: Determination of Cluster Number

the within-cluster variance exhibits a linear change as indicated in Equation 4.4:
Ja (k) =

k X
X

c=1 xi 2Cj

=a2

||axi

k X
X

c=1 xi 2Cj

||xi

ax̄j ||2
x̄j ||2

(4.4)

=a2 J(k).

Curvature is a kind of geometric property of the graph and tightly related to the
range of the two axes. In the evaluation graph, the x-axis is the number of clusters,
the di↵erence of which is always one and the y-axis is the within-group variance,
the range of which lies in a large variety (often much bigger than the range of x).
When the original data is rescaled, the x-axis remains the same and the y-axis
has a linear change as indicated in Equation 4.4. However, when the curvature is
computed from the rescaled evaluation graph as in Equation 4.5, the change in the
curvature is non-linear.
a (k) =

|a2 J 00 |

(1 + a4 J 0 2 )

where
(k) = a

2

For each k, the change of curvature

✓

3/2

= (k)(k)

1 + a4 J 0 2
1 + J 02

◆ 32

(4.5)

.

(k) is not only related to a, but also to

0

J . This non-linear change in the curvature will cause the shift of the maximum
curvature point. In fact, it can be easily proven that for a > 1 (when the data
is enlarged), the maximum curvature point moves rightwards and for a < 1 (i.e.
the data is shrank), the point with maximum curvature moves leftwards. As we
know, while rescaling the data, the cluster structure in fact remains the same
and so does the cluster number. Therefore, although the raw curvature can serve
as an e↵ective way to identify the knee of the evaluation graph, it is indeed a
poor indicator of cluster number. It should be noted that the traditional knee
method su↵ers from the same scaling problem. When the within-cluster variance
against k is plotted, the software usually automatically scales the range of axes for
representation purpose because the range of within-cluster variance is often much
bigger than k (see Figure 4.2). When the knee of the graph is inspected visually,
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it is actually being examined under some scaling factor and thus the results may
be unreliable.
Our goal is to eliminate the influence of the scaling factor and at the same time
still exploit the usefulness of curvature in the detection of the knee on a graph. To
this end a new curvature-based index is proposed which does not depend on the
scaling factor.

4.1.2.2

Beyond Curvature

Firstly, the impact of the scaling parameter on the change of curvature for each
k was analyzed. For convenience, let’s define a scale parameter ↵ = a2 . For each
point on the graph, Figure 4.4 plots curvature  against the scaling parameter ↵
using two datasets (Ionosphere [2] and Breast tissue [3]) from the UCI. Examining
the curve, one can observe the following properties:
• All the curves are bell-shaped lines. On each line, the peak occurs between
↵ = 10
↵

3

103 ;

and ↵ = 103 . The curvature approaches zero when ↵ ⌧ 10

• The location of the peak depends on k, and
• Also, the peak value di↵ers with respect to k.

(a)

(b)

Figure 4.4: Plot of curvature-scale parameter for two datasets: (a) Ionosphere [2] (the real class number = 2); (b) Breast tissue [3] (the real class number
= 4).

3

or
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Furthermore, there is an interesting phenomenon that the k with the highest peak
value corresponds to the true cluster number for the two datasets in our experiment.
In Ionosphere dataset, which has two clusters, the peak value at k = 2 is the highest
and for the Breast tissue dataset the highest peak appears at k = 4, which again
corresponds to the true number of clusters. In the reminder of this section, this
phenomenon is further investigated from the mathematical point of view.
From the analysis before, we can see the curvature is related to both cluster number
k and scale parameter ↵ as
(↵, k) =

|↵J 00 (k)|

(1 + ↵2 J 0 (k)2 )

3/2

.

(4.6)

Our goal is to focus on the influence of k and to eliminate the e↵ect of ↵. So
this work proposes to choose the optimal k by solving the following optimization
problem.
K = arg max max (↵, k)
k

Let’s start with computing

(4.7)

↵

@
@↵

@
|J 00 |
=
5 (1
@↵
(1 + ↵2 J 0 2 ) 2

2

2↵2 J 0 ),

↵ > 0.

(4.8)

From Equation 4.8 we can see that  is a concave function with respect to ↵. For
each cluster number k,  reaches its maximum value if and only if ↵ =

p1 .
2J 0

The

maximum value is denoted as Equation 4.9:
J 00
max (↵, k) = p
|.
3 ⇥ |
↵
J0
2( 32 ) 2
1

(4.9)

Based on Equation 4.7 and Equation 4.9, the k with the highest peak value is
chosen to be returned, i.e.
J 00 (k)
K = arg max | 0
|.
J (k)
k

(4.10)

Now, let us explore the meaning of Equation 4.10 based on finite di↵erence approximations of first order and second order derivatives. Let’s define
detk = J(k

1)

J(k),
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that describes the decrease of within-cluster variance (i.e. the increase of betweencluster variance) from k

1 clusters to k clusters. Since within-cluster variance

J(k) is monotonously decreasing, we have
detk

0, k = 2, 3...

For each cluster number k, Equation 4.10 can be rewritten as:
arg max
k

J 00 (k)
detk detk+1
=
arg
max
|
|.
J 0 (k)
detk+1
k

(4.11)

Therefore, the Curvature method relies on the ratio of two consecutive decreasing
amounts for each k. This method is in favor of bigger detk and smaller detk+1
such that a decrease of within-cluster variance from k

1 to k is relatively large

while from k to k + 1 is relatively small. This conforms to the knee method, which
is based on the idea that one should choose a number of clusters so that adding
another cluster would not provide much better modeling of the data. The proposed
method is summarized in Algorithm 1.
Algorithm 1: Algorithm for the Curvature method
For k = 1 : (kmax + 1)
For t = 1 : 20
Run the k-Means algorithm to compute the within-cluster variance:
j(k, t) = k-Means(k)
Take the minimum within-cluster variance across multiple times:
J(k) = min j(k, t)
t

For k = 2 : kmax
00 (k)
Compute the Curvature index : r(k) = | JJ 0 (k)
|
Return the optimal number of clusters K with the maximum value of r(k):
K = arg maxk r(k)

4.1.3

Experimental Results

The proposed method was compared with 6 other well-known approaches of comparable computational complexity: the CH method [120], the KL method [122],
the Hartigan method [121], the Silhouette method [130], the Gap method [125], the

64

4.1. Algorithm: Determination of Cluster Number

Jump method [124]. The detail descriptions of these six approaches can be found
in Appendix B.1.

4.1.3.1

Experimental Results on Synthetic Datasets

In this section the performance of the proposed Curvature method is investigated
from three aspects using synthetic data. Firstly, the experiment compares the accuracy of estimating the optimal number of clusters with our method with the other
six chosen approaches. Secondly, the ability of the Curvature method to identify
hierarchical cluster structure is examined. Lastly, the performance of Curvature
index is evaluated with di↵erent extents of intermix/overlap between clusters.

(a) Simulation 1:
clusters.

five Gaussian (b) Simulation 2: five Gaussian
clusters with a correlation of 0.7
among dimensions.

(c) Simulation 3: five Gaussian (d) Simulation 5: four exponential
clusters with di↵ering correlation clusters.
among dimensions.

Figure 4.5: Data generated in simulations 1, 2, 3 and 5. (Simulation 4 is in
high dimension and is not shown here.)

Firstly, regarding the evaluation of the accuracy of cluster number, some works in
the literature have discussed data generation issues for experimental comparison
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of various methods. Here we borrowed the basic ideas from [124, 129] and designed the five experiment settings considering the factors of within-cluster spread,
between-cluster separation, the number of dimensions, the dependence among dimensions and Gaussian/non Gaussian distribution structure (see Figure 4.5). The
experiment settings details are shown in Appendix B.2.

(a)

(b)

(d)

(c)

(e)

Figure 4.6: Results for synthetic data illustrated using heat maps. The numbers represent the respective counts of 50 trials for each method in each simulation. The true number of clusters are highlighted with star (*) symbols.
Table 4.1: Average running time of the seven methods (in seconds).

CH

KL

Hartigan

Silhouette

Gap

Jump

Curvature

0.0006

0.0005

0.0006

1.794

11.92

0.0006

0.0005

The results are shown in Figure 4.6. The proposed method (Curvature) achieved
at least 98% accuracy in each of the 5 simulations, which was visibly the highest
performance score. Among the comparative approaches, the best score was accomplished by the Jump method (Jump), followed by Gap algorithm (Gap). Moreover,
as shown in Table 4.1, the proposed method achieved the lowest running time of
about 0.5 ms.
Next, the reasonability of the proposed index is further analyzed based on its ability
to detect hierarchical cluster structure. In this experiment the proposed method is
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compared with the Jump algorithm since among 6 approaches the ability to identify
hierarchical cluster structure was reported only for that method. A simulation
with hierarchical cluster structure is designed (see Figure 4.7 (a)), which contains
a two-dimensional mixture of six Gaussian clusters evenly spaced in 3 distinctive
groups and each group consists of two components. The results of the Curvature
method and Jump method are shown in Figures 4.7 (b) and (c) respectively. Both
methods returned number 6 as the optimal candidate for the number of clusters and
presented two peaks at k=6 and k=3. Therefore, both of them demonstrated the in
principle ability to detect hierarchical cluster structure. However, in the proposed
method the two peaks (corresponding to k=6 and k=3) are very distinctive and
a deep valley appears between them (see Figure 4.7(b)). The values assigned to
other selections of k are penalized as being very small. In the Jump method, the
two peaks are less distinctive (see Figure 4.7(c)). In fact, the peak for k=3 is too
small to provide any reliable information about hierarchical cluster structure in the
practical application. And the value for k=5 is even a little higher than that for
k=3 and is wrongly returned as the second candidate.

(a) 6 clusters in 3 groups

(b) Curvature method

(c) Jump method

Figure 4.7: Performance of hierarchical cluster structure detection with 6
Gaussian clusters spaced in 3 groups.

Another two examples of hierarchical cluster structure detection are given in Figure 4.8 and Figure 4.9. In Figure 4.8, the simulation consists of 9 clusters spaced
in 3 identical groups (see Figure 4.8(a)). Each group contains 3 clusters. In the
result of Curvature method, there are distinctive peaks at k=3 and k=9 (see Figure 4.8(b)). Nevertheless, in the Jump approach, the values for k = 6, 7, 8 are all
greater than the value at k=3, which means the detection of hierarchical cluster
structure is unsuccessful (see Figure 4.8(c)). Similarly, Figure 4.9 shows the results
for 6 Gaussian clusters spaced in 3 groups which contain 1, 2, 3 clusters respectively. Again, the Curvature approach identifies a large peak at k=3 and a small
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(b) Curvature method
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(c) Jump method

Figure 4.8: Performance of hierarchical cluster structure detection with 9
Gaussian clusters spaced in 3 groups. Each group consists of two components
spaced in a line with a separation of 2.

peak at k=6. However, the Jump approach fails to detect the correct number of
clusters in this simulation. The experiment results for these two examples provide
evidence that our approach is more e↵ective in cluster structure detection than the
Jump method. All in all, the results suggest that some useful information can be
obtained from the index graph in the proposed method, as the distinctive peaks
and the second maximum point can be used as an e↵ective hint for the existence of
hierarchical clusters. We believe this ability is an additional support for the cluster
descriptive characteristics of the Curvature index.

(a) 6 clusters in 3 groups

(b) Curvature method

(c) Jump method

Figure 4.9: Performance of hierarchical cluster structure detection with 6
Gaussian clusters spaced in 3 groups with means values of 6 clusters are (0,
3), (-1.5, 0), (-3, -12), (0, -12), (3, -12), (10, -5).

The last simulation is designed to investigate how the Curvature index value
changes when the extent of intermix between the clusters varies. To this end,
four Gaussian clusters in two dimensions which are spaced in a square with the
side length of 5 are generated. Each cluster has a standard deviation of 1 in each
dimension. Then the intermix between clusters is introduced by moving one cluster closer to another. More specifically, the distance between two clusters is varied
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from 5 to 0. Figure 4.10 presents the datasets with distances equal to 5, 3, 2 and 0.
It is clear from the figure that the initial dataset contains 4 clusters and the last one
contains 3 clusters. The second and the third ones record the transition from 4 to
3 clusters. The Curvature index graphs are shown in Figure 4.11. The Curvature
method estimates the first two datasets as consisting of 4 clusters and the other
two as consisting of 3 clusters.

(a) Dataset #1

Since the definition of a cluster is not precise,

(b) Dataset #2

(c) Dataset #3

(d) Dataset #4

Figure 4.10: Simulated compounded datasets # 1-4 with distances between
two clusters at 5, 3, 2, 0 respectively.

(a) The Curvature index graph for four (b) The Curvature index at k=3 and
datasets
k=4 for four datasets

Figure 4.11: Curvature index graphs for compounded data.

we choose not to judge whether the results are correct or not. Instead we seek to
analyze the reasonableness of the Curvature index. Firstly, it can be observed from
Figure 4.11(a) that for all the four datasets the maximum point appears either at
k = 3 or k = 4 and the values for other k are very low, which indicates the low
noise level of the proposed Curvature index. Secondly, as the distance between the
two clusters increases, the Curvature index at k = 4 decreases and Curvature index
at k = 3 increases. This phenomenon corresponds very well to the fact that the
data is actually transformed from 4 to 3 clusters. Another interesting observation
is that the maximum peaks in the index graph of datasets #1 and #4 are more
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distinctive than the peaks in datasets #2 and #3. This conforms to the fact that
datasets #1 and #4 have clearer cluster structure than the other two datasets.
The performance of the 6 existing approaches on the four datasets are shown in
Figure 4.12. It can be seen that the maximum points generally appear either at
k = 3 or k = 4 in the evaluation graphs of CH, KL, Hartigan, Gap and Jump
methods. However, in the case of CH, Hartigan and Gap plots, these peaks are
not obvious (see Figure 4.12(a)(c)(e)). Similar to the Curvature method, KL and
Jump plots also have distinctive peaks at k = 3 and k = 4, but these two methods
have much higher noise level than the Curvature method, because the index values
are not properly penalized in these approaches for k > 4 (see Figure 4.12(b)(f) and
Figure 4.11(a)). Based on the above results and analysis, we conclude that the
Curvature index behaves reasonably and proportionally to increasing intermixing
among the clusters.

(a) CH index graph

(b) KL index graph

(c) Hartigan index graph

(d) Silhouette index graph

(e) Gap index graph

(f) Jump index graph

Figure 4.12: Performance of the 6 comparative approaches on four datasets
presented in Figure 4.10.

4.1.3.2

Experimental Results on Real-World Datasets

In order to verify the efficacy of the proposed method on non-artificially constructed
datasets, the Curvature method is further compared with six other approaches on
20 real-world datasets from the UCI. The cumulative accuracy in estimating the
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number of clusters for all tested datasets is given in Table 4.2. (More detailed
results of the experiment are presented in Appendix B.3.)
Table 4.2: Performance of seven approaches on 20 real world datasets.
CH

KL

Hartigan

Silhouette

Gap

Jump

Curvature

First candidate accuracy

40%

40%

0

35%

15%

15%

50%

First two candidates accuracy

50%

60%

0

55%

25%

15%

80%

The proposed method also appears to be the most robust among the tested algorithms when applied to the real-world datasets. It achieved the highest accuracy
and was able to produce correct results for 10 out of 20 sets. As the real-world
data poses significant challenges to generally all methods, we further present the
comparative performance for the correct estimation of the true number of clusters
in one of the first two candidates (top-2 selection). In this comparison, the Curvature method achieved 80% accuracy, while the highest accuracy obtained among
the other methods was 55%, with the Silhouette method.
In a more detailed comparison of both methods (the Silhouette and the Curvature),
it is observed that the Silhouette method seems to favor small cluster numbers. In
particular, as presented in Table 4.3, for k < 4 its top-2 selection accuracy equals
73.3%, while for k

4 the top-2 selection accuracy equals zero. In comparison,

the top-2 selection accuracies of the Curvature method were 86.7% and 60%, respectively, suggesting higher robustness and lesser sensitivity to cluster count.
Table 4.3: Top-2 selection accuracy of seven approaches on 20 real world
datasets.
CH

KL

Hartigan

Silhouette

Gap

Jump

Curvature

Top-2 selection accuracy(k < 4)

67%

53%

0%

73%

13%

20%

87%

Top-2 selection accuracy(k

0%

40%

0%

0%

40%

0%

60%

4)

When it comes to the datasets with a large size, such as MiniBooNE [138] with
130, 064 instances in 50 dimensions or Skin [139] with 245, 057 instances in 3 dimensions, the Curvature Method has an advantage of computational efficiency.
The Silhouette method and the Gap method are unable to handle such datasets
due to their matrix computation problem.
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Discussion

In this section, a curvature-based method to estimate the optimal number of clusters is proposed. The algorithm is computationally efficient and parameter-free.
The comparative evaluation on both synthetic and real-world datasets shows that
the proposed Curvature method outperforms the six other cluster count estimation
algorithms. In addition, empirical results indicate that the proposed method is able
to provide reliable information in terms of identifying the underlying hierarchical
structure of the data. Empirical observations suggest that the Curvature method
is more suitable for datasets with cluster counts smaller than 10. Beyond that
limit, the cluster number yielded by the method is likely to be biased towards a
smaller value. Another limitation of the proposed method is that the Curvature
index value is undefined for null distributions (i.e. for the case of one cluster in the
dataset). One possible remedy is to introduce an additional artificial cluster located
far away from the original data. In that case, if the Curvature method returns 2
as the optimal cluster number, the original data can be regarded as coming from
a null distribution. Theoretically, the proposed method can work with virtually
any clustering method. However, the within-cluster curve may di↵er slightly for
di↵erent clustering methods. This work focused the experimental results on the
highly-popular k-Means algorithm. Investigation of the suitability of the proposed
Curvature method for other clustering methods is a subject for future research.

4.2

Application in Visual Memory Game for Difficulty Ranking Personalization

4.2.1

Clustering-based Difficulty Ranking Personalization

The previous section proposed a method for the determination of cluster number
in K-means clustering. This section describes how this method can be applied to
solve the difficulty ranking personalization problem of participants in the online
visual memory game platform. Figure 4.13 shows an overview of this method,
which consists of two steps: o✏ine clustering and online classification.
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Figure 4.13: Overview structure of the clustering-based difficulty ranking personalization.

In the o✏ine clustering stage, we seek to determine what kinds of difficulty ranking
profiles exists in the pre-collected data by clustering. Following the notations
used in Chapter 3, consider a set of tasks ai 2 A and a set of users pj 2 P.
The difficulty level of a task ai for a user pj is denoted by a scalar Dj (ai ) 2 R.

During the clustering, each data sample denotes the difficulty ranking DRj profile
of a user, which includes the difficulty levels of all the tasks for the user DRj =
[Dj (a1 ), Dj (a2 ), ..., Dj (aA )]. In other words, the user’s difficulty ranking profile
DRj is described by a vector in the dimension of number of tasks, i.e. DRj 2 RA ,

where each dimensional component stands for the difficulty level for that specific
question. In the visual memory game, there are 100 tasks in the question bank. The
difficulty ranking profile data is thus in 100 dimension. By clustering the difficulty
ranking profile data, we can obtain the information on how many di↵erent types
of difficulty ranking profiles there are and which type of difficulty ranking profile
a player should belong to. Regarding how to obtain the difficulty ranking profile
DRj for a certain user in the training data, the Pals visual memory game platform
was used to collect the necessary data. Specifically, the memorization time of a
task was used to measure the difficulty level of a task for this user, as stated in
Chapter 3. The longer the memorization time is, the harder the task is for the
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users. However, each game session has only 25 questions. This means we only
know the difficulty levels for the 25 questions that were presented to the user.
Therefore there is missing information in the clustering data with the values in
some of the dimensions unknown. To handle this problem, a data-preprocessing
step was employed. Since we only care about the relative difficulty levels instead of
the absolute difficulty values, the raw difficulty levels data (i.e. the memorization
time of the presented questions) was centered. Then the difficulty levels of the
questions that have yet to be presented were set to be zero. After preprocessing,
the proposed Curvature method was applied to determine the cluster number K
and the K-Means clustering is performed. The cluster center was used to denote
the visual memory difficulty profile of a group of participants that have similar
difficulty rankings.
In the online classification stage, given a new user, we seek to determine the user’s
visual memory difficulty profile by assigning the user to the nearest cluster. As
the new user interacts with the Pals online game, the server will record the information of the relative difficulty levels of the questions answered by the user
based on the memorization time. This information forms a partial ranking on
the question set. The distances between the user’s partial ranking and the several profile candidates (i.e. cluster centers) were computed to choose the most
similar one. To compute the distance between (partial) rankings, the Normalized
Distance based Performance (NDPM) from Recommendation System literature is
used [115, 140, 141]. Specifically, given a task set A and two difficulty ranking profiles of the question set DR1 and DR2 , the distance dDR1 ,DR2 (ai , aj ) between the

two ranking profiles on a question pair ai , aj 2 A is defined by the following rule:
if DR1 , DR2 both agree ai is easier (or harder) than aj , then dDR1 ,DR2 (ai , aj ) = 0;

if DR1 regards ai is easier (or harder) than aj but DR2 regards ai is harder (or
easier) than aj , then dDR1 ,DR2 (ai , aj ) = 2; if DR1 does not specify whether ai is
harder than aj , then dDR1 ,DR2 (ai , aj ) = 0; if DR1 specifies whether ai is harder
than aj but DR2 does not, then dDR1 ,DR2 (ai , aj ) = 1. The total distance between
two given rankings is the summation of the distances on all the question pairs:
P
D(A, DR1 , DR2 ) = (ai ,aj ) dDR1 ,DR2 (ai , aj ). And NDPM is the normalized version of total distance.

N DP M (A, DR1 , DR2 ) =

D(A, DR1 , DR2 )
arg maxDR D(A, DR1 , DR)

(4.12)
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Based on the definition of NDPM, the more the two rankings agree on which
questions are harder than which, the smaller the distance is. When the two rankings
fully agree on the relative difficulties of the tasks, the NDPM distance is zero and
when the two rankings totally disagree, the NDPM distance is one. Furthermore,
the unspecified relative difficulties in the reference ranking (DR1 ) will not a↵ect
the results. Therefore, it can deal with partial ranking. During the online testing
stage, as the game continues, a partial ranking is computed from the user’s play
history h(t) based on the memorization times of the questions played so far. Then
the NDPM is used to select the closest cluster center to this partial ranking. The
selected cluster center is regarded as the current personalized difficulty ranking for
this user. The whole algorithm for difficulty ranking personalization is shown in
Algorithm 2.
Algorithm 2: Algorithm of clustering-based difficulty ranking personalization
O✏ine stage
Preprocess the performance data X:
DR = preprocessing(X)
Determine the cluster number:
k = curvatureM ethod(DR)
Obtain the visual memory difficulty profile candidates (cluster centers):
c = kM eans(k, DR)
Online stage
For every 5 time steps t%5 == 0:
Compute distances between play history h(t) and candidates c(i)
d(i) = N DP M (A, h(t), c(i)), i = 1..k
Choose the nearest cluster center c(i⇤ ) as the difficulty ranking
i⇤ = arg mini d(i)

4.2.2

Experimental Settings

The experiment was conducted using real gameplay data gathered from the Pals
online visual memory game platform described in Chapter 3. Four kinds of difficulty
ranking were examined:
• Random ranking: the difficulty levels for 100 questions are generated randomly.
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• Number-based ranking: the difficulty levels of the 100 questions are denoted
as the number of targets they contain. For example, the difficulty levels for
the 3-target tasks are 3 and 4-target tasks are 4.
• Fixed ranking: the difficulty level for a question is the average memorization

time of this question in the training data. With this method, the ranking is
also obtained based on training data but is same for all the players.

• Personalized ranking: the proposed clustering-based method in Table 2.
The participants were recruited from Amazon Mechanical Turk platform. The
training data includes the play records of 544 players 2 from which the performance
data is used for clustering. The Curvature method identified three distinctive
clusters, which indicates there are three distinguishable visual memory difficulty
profiles among the players. These three visual memory difficulty profiles will be
further examined in Section 4.2.4. The gameplay data of another 77 subjects was
used as the testing data.

4.2.3

Experimental Results

Figure 4.14: Difficulty ranking prediction error in terms of NDMP distance
under four methods.
2

More results with di↵erent amount of training data can be found in Appendix A.1.
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Figure 4.14 presents the average NDPM distance between the predicted ranking
profiles by the four methods and the true difficulty profiles of the players. The true
difficulty ranking profiles come from the memorization time in the testing data.
The results show that the performance of personalized ranking method continues
to improve as the game continues. The proposed DRP approach achieved the most
accurate prediction, when using more than 5 steps of play history. Furthermore,
we can see from the results that the clustering process used to match a player’s
visual memory difficulty profile to the closest of three identified visual memory
difficulty profiles is actually a crucial step. The importance of clustering is further
evidenced when the fixed ranking that assumes only one universal visual memory
difficulty profile among users was demonstrated to perform even worst than the
number-based ranking in which a simple heuristic of measuring difficulty based on
target count.

4.2.4

Insights about Visual Memory

In the previous section, the clustering-based personalized difficulty ranking method
was applied to the data gathered from the Pals online visual memory game and
three distinctive visual memory difficulty profiles were identified. In this section,
some new insights into the human visual memory are presented based on the analysis of these three visual memory difficulty profiles.

4.2.4.1

E↵ectiveness of Number of Targets as Difficulty Indicator of
Visual Memory Task

As pointed out in Chapter 3, an obvious and intuitive difficulty measure of a visual
memory task is the number of the memory targets presented. Therefore, we first
investigated whether the number of targets in a visual memory task can predict
memorization difficulty. For convenience, the difficulty levels in the three ranking
profiles were transformed to a scale of 1 to 100 using the following method. The
100 questions are sorted from the easiest to hardest based on the ranking profile.
The sorted number is denoted as the difficulty level. In this way, difficulty level
of 100 means the questions is the hardest one in the question bank and difficulty
level of 1 means it is the easiest one.

Chapter 4. Difficulty Ranking Personalization

(a)

(b)

77

(c)

Figure 4.15: The average difficulty levels for visual memory tasks with the
same number of targets in (a) ranking profile #1; (b) ranking profile #2; and
(c)ranking profile #3.

Figure 4.15 plots the average difficulty levels with respect to the number of targets. For all the three ranking profiles, their curves move generally upwards with
increasing target. This indicates that increasing task difficulty correlates well with
increasing target count. However, as denoted by the error bar in Figure 4.15, there
are high levels of variance in the difficulty levels of the tasks with the same task
number. In fact, in all three ranking profiles, the standard derivation in the difficulty levels of the same-target-number tasks are above 12 and some even reach 30.
This suggests although some tasks have same amount of targets, their difficulty
can vary in a wide range. To further examine the relationship between the difficult levels and the target number, the detailed predicted difficulty levels for all the
questions are shown in Figure 4.16.

(a)

We can see many cases where more targets

(b)

(c)

Figure 4.16: The predicted difficulty levels of 100 tasks in (a) ranking profile
#1; (b) ranking profile #2; and (c)ranking profile #3.

do not necessarily make the question harder to memorize. Take the ranking profile
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Figure 4.17: Difficulty level versus target number in the visual memory difficulty profile #3

#3 as an example (see Figure 4.17). In fact, although some questions like No.58,
86 and 90 contain many targets (6, 7, 8 targets) to remember, the targets actually
form distinct groups with structural patterns like vertical or horizontal lines, which
makes it easier to memorize. On the other hand, some questions like No.4, 16 and
30 with less but scattered targets look quite unorganized and are therefore difficult
to recall.
This phenomenon was investigated from a statistical point of view. The visual
memory questions were divided into three groups: small-size questions with 3 or 4
targets, medium-size questions with 5 or 6 targets, and large-size questions with 7
or 8 targets. The t-tests were conducted to detect whether one group of question
is significantly harder than another according to each visual memory difficulty profile. For the ranking profile #2, the medium-size questions (M = 51.7, SD = 20.4)
are significantly harder (t(68) = 7.36, p < 0.001) than the small-size questions
(M = 19.3, SD = 13.9) and significantly easier (t(78) =

5.18, p < 0.001) than

the large-size questions (M = 76.8, SD = 19.0). This result indicates for people
with this visual memory difficulty profile, the number of targets can indeed reflect
the difficulty for memorization of visual memory tasks. However, this same argument cannot be made for all our participants. Specifically, for those with the
ranking profile #1, the medium-size questions (M = 57.7, SD = 24.1) are still significantly harder (t(68) = 5.95, p < 0.001) than the small-size questions (M = 23.2,
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1.28, p = 0.203) than the large-

size questions (M = 64.9, SD = 21.3). Similarly, for those with the ranking profile
#3, the medium-size questions (M = 55.9, SD = 27.3) are still significantly harder
(t(68) = 3.90, p < 0.001) than the small-size questions (M = 30.5, SD = 25.8) but
not significantly easier (t(78) =

0.63, p = 0.530) than the large-size questions

(M = 60.0, SD = 24.3). These findings suggest for some participants the target
number is a good indicator of difficulty but for others it is indeed unreliable, especially when the questions contain large number of targets. One possible reason is
that with more targets, there is a higher chance that the targets can come together
to form recognizable visual structures (e.g. L-shape) making their memorization
easier for some people.

4.2.4.2

Di↵erences among The Three Visual Memory Difficulty Profiles

A main finding in the previous section is that the number of targets can be a good
predictor of task difficulty for one visual memory difficulty profile but not another.
This section further examines the di↵erences between the three profiles. The individual visual memory di↵erences and how that may a↵ect the difficulty of a visual
memory task is a complicated issue. Some qualitative results are presented here
to provide an intuitive idea of how the human visual memory di↵ers from person
to person in terms of difficulty ranking profile. Specifically, we show several visual
examples that some people find easy to remember while others find challenging.
Figure 4.18 presents three tasks that are in the hardest 35% questions according to

Figure 4.18: The question examples that ranking profile #1 finds hard and
ranking profile #2 finds easy.

the ranking profile #1 (with difficulty levels as 70, 66, 94 respectively) and the easiest 35% based on the profile #2 (with difficulty levels as 32, 26, 35 respectively).
On the other hand, Figure 4.19 presents some tasks that are the easiest 35% ac-
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Figure 4.19: The question examples that ranking profile #1 finds easy and
ranking profile #2 finds hard.

cording to the ranking profile #1 (with difficulty levels as 30, 22, 33 respectively)
and the hardest 35% based on the profile #2 (with difficulty levels as 82, 93, 77
respectively). From these selected examples, we can get a flavor of the di↵erent
visual memory characteristics that di↵erent individuals may exhibit. In the three
visual memory tasks of the first example set (see Figure 4.18), the targets form
visually distinct groups with vertical or horizontal line structures. Whereas those
in the second example set (see Figure 4.19) are more “scattered” with no targets
grouping into substantial and obvious visual structures. However, the distances
between the adjacent targets seem to be closer in the second example set. It is
possible that participants belonging to the ranking profile #1 are good at using
relative position to memorize the target and thus find the tasks in Figure 4.19 easier. And people with the profile #2 may be better at detecting visual structures in
the target layout and exploiting these while memorizing the visual pattern, which
makes the tasks in Figure 4.18 easier.
Table 4.4: NDPM distances between the di↵erent difficulty rankings.

NumRk
Rk#1
Rk#2
Rk#3

NumRk

Rk#1

Rk#2

Rk#3

0.00
0.20
0.13
0.28

0.28
0.00
0.32
0.43

0.22
0.32
0.00
0.41

0.37
0.43
0.41
0.00

To qualitatively measure the di↵erences between the ranking profiles, the NDPM
distances among the rankings are computed (see Table 4.4 and Figure 4.20). Interestingly, the result suggests the three personalized rankings are quite di↵erent
from each other since the distances between the di↵erent personalized ranking are
even greater than the distances to the number-based ranking.
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Figure 4.20: Heatmap of NDPM distance among difficulty rankings.

4.2.4.3

Similarities among The Three Visual Memory Difficulty Profiles

Regardless of di↵erences in the three profiles, there are still some questions regarded
as easy in all three profiles and some consistently ranked hard by most of the
participants. In particular, Figure 4.21 presents the tasks that lie in the easiest
20% for all three profiles. And Figure 4.22 shows the tasks that all profiles agree
that they are hard (among the hardest 30% ones).

We can see the consistently

Figure 4.21: The five question examples that all three ranking profiles find
easy (among the easiest 20%).

Figure 4.22: The five question examples that all three ranking profiles find
hard (among the hardest 30%).

easy tasks are mostly small-size questions consisting of 3 or 4 targets, although
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there is also a medium-size question of 5 targets (Task No.48). On the contrary,
the consistently hard tasks mostly come from large-size questions consisting of 7
or 8 targets. But there is also a medium-size question of 6 targets (Task No.55).
This result also corroborates the complex relationship between task difficulty and
target number. To quantitatively study the similarities of the three profiles, the
repetition percentage among the three profiles are computed. In particular, we
examine how many questions appear in the hardest 20 questions of all three profiles
and how many questions appear in the easiest 20 questions of all three rankings.
Interestingly, for the hardest 20 questions, there is no repetition at all for the three
profiles. For the easiest 20 questions, however, there are 5 questions included in all
three profiles. More results concerning a varying percentage of tasks are shown in
Table 4.5. We can see that the agreement of easy tasks is consistently higher than
the agreement of hard tasks regardless of what percentage of tasks are taken into
account. These results suggest that people seem to di↵er in which visual memory
tasks are very hard, but have more in common when it comes to which visual
memory tasks are very easy.
Table 4.5: Agreement among the three difficulty ranking profiles. The first
row of the table is interpreted as: for the 10 hardest tasks, there are zero tasks
appearing in all three rankings and for the 10 easiest tasks, there are 2 tasks
appearing in all three rankings.

4.2.5

Number of tasks

Agreement in hard tasks

Agreement in easy tasks

10
20
30
40
50

0
0
5 (16.7%)
13 (32.5%)
24 (48.0%)

2 (20.0%)
5 (25.0%)
11 (36.7%)
15 (45.0%)
24 (48.0%)

Discussion

Based on the Curvature method, this section applied a clustering-based approach
to obtain personalized difficulty ranking from memorization duration gathered from
an online visual memory game. The personalized difficulty ranking achieved higher
prediction accuracy than the traditional difficulty rankings.
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The analysis of the personalized difficulty ranking led to some new insights into
some of the characteristics of human visual memorization abilities. First, the quantitative evidence revealed the limitations of using the target count as the difficulty
indicator. It was observed that questions containing the same number of targets
do not necessarily have the same level of difficulty. High variances in difficulty levels were observed among questions with the same amount of targets. In addition,
questions containing more targets does not necessarily make them harder to memorize. In some cases, the targets can form a distinctive structure which reduces
the memorization difficulty. As a result, the 7-target or 8-target questions were
found to be not significantly harder than 5-target or 6-target questions. Second,
difficulty ranking can actually di↵er from person to person. The same visual task
can be considered very challenging for some people but very easy for others. It
seems that the users’ abilities to perceive visual structure and their adoption of
these target grouping memorization strategies can contribute significantly to the
variability in visual memory difficulty profiles within the user population. Lastly,
despite these di↵erences between users’ visual memory difficulty profiles, there are
still some similarities among them. Some visual patterns are consistently considered to be easy or hard by all three difficulty ranking profiles. Interestingly, more
commonality in the participants was observed for easy tasks than for the hard ones.
It should be noted that although the Curvature method predicted three visual memory difficulty profiles in the available experimental data, the ground-truth of the
actual number of the distinctive profiles in human visual memory is not available.
But an extensive evaluation of Curvature method has been shown in Section 4.1.3
using many other datasets with ground truth available. The result shows that the
Curvature method is the most reliable approach in complex environments with
high dimensions, hierarchical structure or intermix clusters.
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4.3

Application in education systems

4.3.1

Experiment Settings

The proposed difficulty ranking prediction method was also applied to the realworld dataset presented in KDD Cup 2010: Educational data mining challenge [142] 3 .
Three kinds of difficulty ranking were examined:
• Random ranking: the difficulty levels are generated randomly.
• Fixed ranking: the difficulty level for a question is the average response time
of this question in the training data. With this method, the ranking is also
obtained based on training data but is assumed same for all the players.
• Personalized ranking: the proposed clustering-based method in Table 2.
The number of question candidates is 646. Around 80% of data was used for
training and the remaining data was used for testing. Specifically, in the training
data, there are 385 players and 12,329 play records. In the test data, there are 49
players and 3,083 play records.

4.3.2

Experiment Results

Figure 4.23 presents the average NDPM distance between the predicted ranking
profiles and the true difficulty profiles of the players. The true difficulty ranking
profiles come from the response time in the testing data. The results show that
the performance of the personalized ranking method continues to improve as the
interaction continues. The proposed DRP approach achieved the most accurate
prediction when using more than 10 steps of play history.
3

The data is preprocessed to exclude the questions that were only played once (which takes
up 12.4% of the data) and exclude the play records with response time less than 8 seconds and
greater than 300 seconds (which takes up 5% of the data)
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Figure 4.23: Difficulty ranking prediction error in terms of NDMP distance.

4.4

Summary

This chapter first proposed a general method for the determination of the cluster
number and then introduced a clustering-based method to personalize the difficulty
ranking. Experiments with real data from an online visual memory game have
demonstrated the e↵ectiveness of such personalization in improving the systems
ability to predict the true difficulty ranking with a minimal number of gameplay
observations. With this technique, we can now proceed to deal with the next
research goal of dynamic difficulty adaptation (DDA) in order to present users
with suitably challenging tasks. The next chapter will look at how this technique
can be used to facilitate dynamic difficulty adaptation.

Chapter 5
Reinforcement Learning-based
Difficulty Adjustment

Figure 5.1: Problem structure of difficulty adjustment.

The previous chapter proposed a clustering-based method to identify the personalized difficulty ranking for each user. Given this personalized difficulty ranking,
the next challenge is how to dynamically adjust the difficulty level for each user.
This is the focus of this chapter (see Figure 5.1) 1 . A typical difficulty adaptation
system [9, 15, 23] is shown in Figure 5.2, which follows an intuitive adaptation
rule: present the user with an easier task if the current task is found to be too
1

Section 5.1 is published as [143].
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Figure 5.2: Difficulty adaptation system with human in the loop.

hard; give the user a harder task if the current one is too easy. To apply this rule,
we first need to know which tasks are considered harder or easier for a particular
user. This is the problem of personalized difficulty ranking and is exactly what
has been solved in the previous chapter. However, after knowing which tasks are
harder/easier, to actually perform difficulty adaptation, there is still an important
question of how to make a selection among the several harder/easier questions.
This is called the problem of difficulty adjustment. To solve this problem, some
deterministic selection rules, like incremental update can be employed, which selects the question with the adjacent difficulty level (+/-1) at each adjustment step.
However, the incremental update can result in very slow adaptation, especially
when the question bank is large. For example, there are 100 question candidates in
our experiment and only 25 interaction steps during the visual memory game play.
With incremental update, it would take too many attempts to find the suitable
difficulty levels for the user before the game is over. With the human in the loop, a
responsive system must be able to make a correct selection within only a few steps
or observations. To speed up, we can consider more intelligent rules like bisection,
which repeatedly bisects the difficulty intervals and selects the one with the desired difficulty levels for further processing. In this way, the time complexity can
be reduced from O(N ) to O(log(N )) with N as the number of question candidates.
However, this rule is still deterministic, thus making it sensitive to noise. If at
one step, due to some stochastic variations in the user’s performance or inaccurate
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information in the difficulty ranking, the wrong sub-interval is selected, then this
mistake would unavoidably lead to wrong difficulty levels. And real applications
with varying visual memory profiles among di↵erent users contain lots of noise.
In these cases, stochastic methods which are robust to noise, are probably more
desirable choices compared to deterministic rules. For example, instead of directly
selecting a certain kind of desired questions, we can maintain a probability of all
the questions and increase the selecting probability of some desired questions. In
this way, even with the interference of noise, there is still some chance of correct
selection. However, despite the advantage of the stochastic adjustment, we are still
faced with a critical question of how much increase should be made to the probability. Previous works using stochastic adaptation often rely on heuristic rules with
some parameters to determine this [23], which can be hard to tune in practice. In
addition, an important question of how to make stochastic adaptation converge to
the optimal tasks has hardly been discussed in the previous works. This chapter
seeks to address the challenges associated with stochastic difficulty adjustment.
The chapter is organized as follows. Section 5.1 proposes a new approach for
stochastic difficulty adjustment based on reinforcement learning (RL), which can
achieve fast and unbiased convergence with small batch size. In Section 5.2, the
proposed difficulty adjustment approach is combined with the personalized difficulty ranking work in Chapter 4 to achieve dynamic difficulty adaptation in the
Pals online visual memory game, an example of a human-in-the loop interactive
system.

5.1

Algorithm: Bootstrapped Policy Gradient for
Difficulty Adjustment

The selection of an appropriate question can be formulated as a sequential decisionmaking problem that can be solved using reinforcement learning algorithms. Related research works have applied RL for interaction optimization in Human Computer Interaction (HCI), where the RL agent interacts with the user to make some
interactive decisions with the aim of enhancing user experience. For instance,
Markov decision process (MDP) or partially observed Markov decision process
(POMDP) frameworks have been used to support the sequential decision-making,
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such as sequencing seven education concepts [11], choosing from two pedagogical
strategies [144] and selecting from three display intervention messages [21]. In
these applications, the action space is small, often less than 10. When it comes
to larger action space, MDP/POMDP su↵er from the curse of dimensionality. In
intelligent tutoring systems, there could be hundreds or even thousands of candidates in the questions bank [12, 103, 115]. In these large action space cases,
Multi-armed Bandit (MAB) or contextual MAB frameworks are usually employed
as more scalable approaches [12, 145, 146]. The most similar work to that explored here is Maple (Multi-Armed Bandits based Personalization for Learning
Environments) [23] which also formalizes difficulty adaptation in the framework
of MAB. This work heuristically used the prior information of difficulty ranking
to improve the efficacy for difficulty adjustment. However, despite the promising
empirical results, no theoretical guarantee for convergence is provided and it is
unclear whether the algorithm introduces bias to the optimal question. Generally,
compared to the numerous studies of RL in other domains, like control systems
or game-playing (Atari games, board games), the work of applying RL to benefit
human-in-the-loop interactions is much more limited.
A major challenge in applying RL algorithms to real-world interactive application
lies in sample efficiency. Value-based reinforcement learning methods [35, 147, 148],
such as (deep) Q-learning, have been considered as sample efficient since it can train
on o↵-policy data with experience replay technique [148]. Nevertheless, a suitable
exploration policy [149–151], such as ✏-greedy, Thompson sampling, is required
in o↵-policy learning for efficient exploration. The trade-o↵ between exploration
and exploitation is a tricky issue [152]. As the action space becomes larger, efficient exploration becomes more challenging. Generally, the convergence of value
function-based algorithms is not guaranteed [33, 153, 154]. Compared to the valuebased method, policy gradient-based methods [32, 37, 155, 156] exhibit more stable
convergence both in theory and in practice because these methods directly estimate
the gradient of RL objective [33]. However, a major limitation for policy gradient
methods is that they are severely sample inefficient due to the on-policy learning
and high variance in gradient estimation [32, 33]. To achieve stable iterative policy
optimization, a large batch size needs to be employed. For example, for continuous control task in Mujoco simulator [157], the common choice of batch size is
often above 1000. However, responsive interactive applications cannot a↵ord to
use such large batch sizes as it will result in slow adaptation to the user. In fact,
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instead of batch update, the incremental method, which updates the parameters
immediately after receiving user feedback, is often used to ensure good user experience [12, 23, 146]. Therefore, this section investigates how to make the policy
gradient method feasible and stable for small batch size update. Specifically, this
work focuses on how policy gradient can be bootstrapped by prior information and
then applied in the environments with short exploration horizon T and large action
space A (T ⌧ A). This section makes a threefold contribution. Firstly, a general

framework (BPG) was proposed for incorporating the prior information of action
relations into policy gradient to achieve stable policy optimization even with small
batch size. A sufficient condition was identified to guarantee unbiased convergence
while employing BPG. Secondly, based on this framework, a BPG-based difficulty
adaptation scheme was developed which can be applied in intelligent tutoring systems with large action space and short horizon. Thirdly, the generalization of BPG
for multi-dimensional continuous action space in the general actor-critic reinforcement learning methods was studied.

5.1.1

Background

5.1.1.1

Problem Formulation

Consider a MAB framework defined by hA, Ri, where A = {a1 , ..., aA } is a finite

set of actions and R : A ! R is the reward function. The agent samples an action
ai from a stochastic policy ⇡✓ (a) : A ! [0, 1] parameterized by ✓. The environment
generates a reward rai from a unknown probability rai ⇠ P (r|ai ), indicating how
good the action is. The goal of the agent is to maximize the one-step MDP return
as Equation 5.1.
max✓ J(✓) = max✓ Eai ⇠⇡✓ [rai ]
A commonly used policy is the softmax policy ⇡✓ (ai ) =

(5.1)
ewi (✓)
⌃k ewk (✓)

with w 2 RA as the

softmax weights and thus ewi (✓) / ⇡✓ (ai ). (To simplify the notation, wi (✓) will be
frequently denoted as wi ). The softmax weights can be a more complex function
w(✓, ), such as neural network, w.r.t ✓ and the action features (ai ).

The problem of difficulty adaptation can be formulated in the context of MAB by
taking questions as actions and the suitability of a question for a user as the reward.
Specifically, a setting with two actors is considered: a user who is interacting with
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a system to complete a number of questions; and an agent selecting questions from
a number of question candidates A = {a1 , ..., aA } aiming to suitably challenge the
user. At each time step, t 2 [1, ..., T ](T ⌧ A), the agent selects a question ai

from question bank A and the user engages with the question and then the agent
receives an observation of grade gai and a scalar value of reward rai . The grade g

is negatively related to difficulty. If the grade is too high, the question is too easy
for the user and vice verse. A target grade value G 2 R is specified in advance
to indicate the state of the user being suitably challenged. The reward indicates

the suitability of this question for the user, which is measured by the distance of
the current grade to the target grade Rai =
DR 2 R

M

|gai

G|. A ranking of questions

is known in advance. DR(ak ) < DR(ai ) refers to task ak is easier than

ai . In summary, the input is a target performance G and a known task difficulty
ranking DR, a 2 A. The agent outputs a question to the user at each time step

with the goal of keeping the user grade as close to the target value as possible, i.e.
selecting the optimal action with the highest reward.

5.1.1.2

Policy Gradient

Based on the stochastic policy gradient theorem [156], the gradient of the objective
function in Equation 5.1 can be reduced to a simple expectation, which can be
obtained through sample-based estimates as shown in Equation 5.2. An intuitive
understanding of this method is that the parameter is adjusted to update the
exploration probability of an action based on the reward it receives. When an
action leads to a high reward, the policy parameter will be adjusted to select this
action more often.
r✓ J(✓) = Eai ⇠⇡✓ [ra i r✓ log ⇡✓ (ai )]

(5.2)

As mentioned earlier, the policy gradient method su↵ers from high variance in
gradient estimation and thus necessities a large batch size for stable policy optimization. To better illustrate why large batch size is necessary, how the softmax weights are updated in Equation 5.2 is shown here. In the true gradient,
the softmax weight of an action will be increased if and only it has a betterthan-average reward, i.e. rwk J(✓) = ⇡✓ (ak )(rak

Ea⇠⇡✓ [ra ]). However, in the

one-sample estimation of the gradient, as long as the sampled reward rai is positive, the softmax weight of the sampled action ai will always be increased, i.e.
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ˆ a = (1
rwi J(✓)|
i

⇡✓ (ai ))rai , and all the other actions’ weights will be always
ˆ a = ⇡✓ (aj )ra , aj 6= ai . With infinite samples, all updecreased, i.e. rwj J(✓)|
i
i

date inaccuracies will be canceled out and eventually, an accurate estimation of
ˆ a ]. But in realistic
the gradient can be obtained, i.e. rw J(✓) = Ea ⇠⇡ [rw J(✓)|
i

k

✓

k

i

scenarios, we do not have infinite samples to estimate one gradient step. Therefore, many researchers have studied how to reduce the variance in estimation so
that a small number of samples can achieve an accurate estimation of the gradient
[32, 33, 154, 155, 158, 159]. In these works, new score functions f (a) are proposed to replace the raw reward ra in the gradient estimation sample in Equation
5.2, i.e. r✓ J(✓) = Eai ⇠⇡✓ [f (ai )r✓ log ⇡✓ (ai )]. The score functions f (ai ) are often

constructed by subtracting the reward with some baselines. If the baselines are
independent of actions, i.e. f (ai ) = ra i

B, then despite the value change at

the individual gradient estimation sample, the overall expectation of the gradient
estimation samples remains the same because Eai ⇠⇡✓ [Br✓ log ⇡✓ (ai )] = 0. In other
words, adding any action-independent baseline will not introduce any bias to the
gradient direction [36, 153]. In terms of the exact value of baseline, a common
choice is the average reward B = Ea⇠⇡✓ [ra ]. In this way, the variance is reduced because at each gradient estimation sample, the sampled action’s probability will be
increased only when it receives a better-than-average reward instead of a positive
reward as in the original case in Equation 5.2.

5.1.2

Sample Efficient Policy Gradient

5.1.2.1

Motivation

To apply policy gradient into the problem with short horizon T and large action
space A (T ⌧ A), we examined the policy gradient method with the batch size

equal to one and found that the method would fail in this scenario even with
the above variance reduction scheme. Note that in the individual policy gradient
estimation sample, the softmax weight of the sampled action is updated in one direction and all the other actions’ updated in the opposite direction. And the above
variance reduction scheme does not change this fact. As a result, the agent is still
susceptible to being stuck at the sampled action. Specifically, if the sampled action
has a better-than-average reward, i.e. f (ai ) > 0, only the sampled action’s softmax
weight will be increased and thus its probability is guaranteed to be enhanced. In
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fact, if f (ai ) > 0, the probability of the sampled action over that of other actions is
⇡ t+1 (a )

⇡ t (a )

i
✓
exponentially increasing at an rate of the step size ↵, since ⇡t+1
= ⇡t✓(aki ) e↵xi (ak ) ,
(ak )
✓
✓
ˆ a rw J(✓)|
ˆ a = f (ai )(1 + ⇡ t (ak ) ⇡ t (ai )) and xi (ak ) >
where xi (ak ) = rwi J(✓)|
i
i
✓
✓
k

0 if f (ai ) > 0. Hence, the step size needs to be kept very small when receiving

positive score function values f (ai ) > 0. For the case with f (ai ) < 0, the issue
of being stuck at the sampled actions can be alleviated since the agent does not
increase a single action’s softmax weight but increases for multiple actions, i.e.
all the actions not sampled ak 6= ai . However, the policy gradient method would

still be unfeasible in the problem with short horizon T and large action space A
(T ⌧ A), due to the fact the number of exploration steps T needed in this method
has to be greater than the action numbers A. As the method does not use any

prior knowledge of the actions, it has to see all the actions, at least once, to decide
which one is the best. These problems of the policy gradient method are demon-

(a)

(b)

Figure 5.3: Policy gradient with batch size equal to one for (a) Problem 1 and
(b) Problem 2.

strated using two toy problems. The two problem sets contain 20 actions with fixed
rewards uniformly distributed from [-0.5,0.5] for problem 1 and [-1,0] for problem
2. Figures 5.3(a) and 5.3(b) show the probability of selecting the optimal action
while applying incremental policy gradient to problems 1 and 2 respectively. The
results show that for problem 1, the step size has to be kept small to avoid being
stuck in sub-optimal actions. As a result, it needs nearly 10,000 steps to converge,
even with this simple problem. The large step sizes can be used in problem 2 to
achieve faster convergence but the convergence steps are bounded at the number
of actions (log 20 ⇡ 1.3), no matter how large the step size is.
To overcome these problems, a new method called Bootstrapped Policy Gradient
(BPG) is introduced, which incorporates prior information of action relationship
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into the policy gradient to bootstrap policy optimization. The proposed method
can achieve stable and faster convergence to the target optimal action (without
actually seeing all the actions) and can thus be applied in problems with the short
horizon and large action space.

5.1.2.2

Bootstrapped Policy Gradient

Consider a piece of prior information which states certain actions are likely to have
higher/lower reward than others. We will first discuss how to incorporate such
prior information into policy gradient with unbiased convergence guarantee and
then discuss how such information can be obtained in practice.
The key idea proposed here is to update the probability of a set of actions instead of a single action in the gradient sample. Let Xa+i denote better action set,

which includes the actions that might be better than ai and Xai denote a worse

action set, which contains the worse actions than ai . The bootstrapped policy
gradient2 formalized in Equation 5.3 increases the probability of the better action
_+

_

set ⇡ ✓ (ai ) := ⌃ak 2Xa+ ⇡✓ (ak ) and decreases the probability ⇡ ✓ (ai ) := ⌃ak 2Xa ⇡✓ (ak )
i

i

of the worse action set.

_+

r̃✓ J(✓) = Eai ⇠⇡✓ [|rai |(r✓ log ⇡ ✓ (ai )

_

(5.3)

r✓ log ⇡ ✓ (ai ))]

Compared to traditional policy gradient, the proposed method enjoys several advantages. Firstly, in each gradient sample, the agent does not raise a single action’s
probability weights but that of a set of actions’. Thus it is more stable and less
likely to be stuck with a certain action, regardless of the sign of the reward. This
ˆ
can also be shown in the softmax weights r̃w J(✓)
= _⇡✓+(ak ) |ra |, ak 2 X + and
k

ˆ
r̃wk J(✓)
=

⇡✓ (ak )
_
⇡ ✓ (ai )

⇡ ✓ (ai )

ai

i

|rai |, ak 2 Xai , where the weight change direction no longer

relies on whether the action is the sampled action and the sign of the reward. This

property makes it possible for BPG to stably update policy even with a batch size
of one. Secondly, in BPG the “worse” action’s probability can be decreased without
actually exploring it and the “better” action’s probability can be increased before
it has been selected. It is this property that makes it possible for BPG to find the
2

_

_

In the case of ⇡ ✓ (ai ) = 0, the gradient update is set to be zero by letting ⇡ ✓ (ai ) to be equal
to a constant.
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best action without exhaustively trying every action. In the interactive application,
this means that the agent can eliminate some undesirable choices without actually
exposing them to the users and use the limited exploration steps to focus on the
more promising ones.
In spite of the promising properties of the BPG, an immediate question is how to
ensure that the surrogate gradient can still lead to the target optimal action, given
that the gradient direction has been altered. Notably, the performance of BPG is
dependent on the “quality” of the “better/worse action set”. Therefore, the next
section will investigate what kind of constraints on “better/worse action set” are
required for unbiased convergence.

5.1.2.3

Convergence Analysis

The original target action(s) is formally defined as a⇤ := arg max ra . The goal is
to make the surrogate gradient converge to a policy, where ⇡✓ (ak ) = 0, 8ak 6= a⇤ .
_+

_

For convenience, we define A+
✓ := {8ai |⇡ ✓ (ai ) > 0} and A✓ := {8ai |⇡ ✓ (ai ) > 0}.
Then from Equation 5.3 we have:
r̃✓ J(✓) =

X

ai 2A+
✓

X

ai 2A✓

=

_+

⇡✓ (ai )|rai |r✓ log ⇡ ✓ (ai )
_

⇡✓ (ai )|rai |r✓ log ⇡ ✓ (ai )

X ⇡✓ (ai )|ra |
i
_+

ai 2A+
✓

⇡ ✓ (ai )

_+

r✓ ⇡ ✓ (ai )

(5.4)

X ⇡✓ (ai )|ra |
i
_

ai 2A✓

⇡ ✓ (ai )

_

r✓ ⇡ ✓ (ai ).

The first equality uses the definition of expectation. The second equality uses the
property of r✓ ⇡✓ (ai ) = ⇡✓ (ai )r✓ log ⇡✓ (ai ).
8
⇡ (a )
_+
>
< _+✓ i |rai |, ⇡ ✓ (ai ) > 0
⇡ ✓ (ai )
We define h+
(likewise for h✓ (ai )). Following
✓ (ai ) :=
>
_+
:
0,
⇡ ✓ (ai ) = 0
these definitions, Equation 5.4 can be transformed as follows:
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r̃✓ J(✓) =
=

X
ai

X

h+
✓ (ai )

ai

=

X
ak

X

_+

h✓ (ai )r✓ ⇡ ✓ (ai )

ak 2Xa+i

r✓ ⇡✓ (ak )(

r✓ ⇡✓ (ak )

X

h+
✓ (ai )

0
ai 2Xa+k

0

_+

h✓ (ai )r✓ ⇡ ✓ (ai )

ai

X
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X

h✓ (ai )

ai

X

X

ak 2Xai

r✓ ⇡✓ (ak )

(5.5)

h✓ (ai )),

0
ai 2Xak
0

where Xa+k := [8ai |Xa+i ◆ ak ] and Xak := [8ai |Xai ◆ ak ] are the inverse set of Xa+k

and Xak , which consists of all the actions whose better(worse) action set contains
action ak . The first equality uses the definition of h+
✓ (ai ) and h✓ (ai ). The second
_

equality uses the definition of ⇡ ✓ (a). The third equality reverses the order of i and
k based on the definition of X (a) and X 0 (a). From above derivation, we can see

the proposed policy improvement method in Equation 5.3 can be expressed in a
form similar to the original policy gradient in Equation 5.2 by using a new score
function estimator 3 f✓ (a) to replace ra :
X

f✓ (ak )r✓ ⇡✓ (ak )

P

h✓ (ai ).

r̃✓ J(✓) =

(5.6)

ak

= Eak ⇠⇡✓ [f (ak )r✓ log ⇡✓ (ak )]
where f✓ (ak ) =

P

0
ai 2Xa+k

h+
✓ (ai )

0
ai 2Xak

We now examine if there is a certain special class of f✓ (a) which can make the
surrogate gradient direction still converge to a⇤ . Note that if f (a) is unrelated
to ✓, the condition for such unbiased convergence is straightforward, which is
8a 6= a⇤ , f (a⇤ ) > f (a). However, when f✓ (a) is related to ✓, it is not immediately
obvious what the condition is, since it is hard to obtain the explicit expression of
˜
J(✓).
Focusing on the case of softmax policy, a sufficient condition for unbiased

convergence was identified in Theorem 5.1.1. The detail proof is shown in the
Appendix C.
Theorem 5.1.1. (Surrogate Policy Gradient Theorem)
Given an action space A = {a1 , .., aA }, a softmax exploration policy ⇡✓ (ak ) =
ewk (✓)
⌃i ewi (✓)

parameterized by ✓, and a target action set a⇤ . Consider a surrogate pol-

icy gradient for policy optimization defined by a score function f✓ (a): r̃✓ J(✓) =
3

f✓ (a) is a function on X + and X
are dropped to simplify notation.

and should be denoted as f✓,X + ,X (a). These variables
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⌃ak f✓ (ak )r✓ ⇡✓ (ak ), then for the policy optimization to converge at the target action
set a⇤ , i.e. ⇡✓ (a) = 0, 8a 6= a⇤ , a sufficient condition C.1 is: 8a 6= a⇤
• f✓ (a⇤ )

f✓ (a), 8✓

• f✓ (a⇤ ) > f✓ (a), 8✓ 2 {✓|0 < ⇡✓ (a) < 1&⇡✓ (a⇤ ) 6= 0}
In other words, Theorem 5.1.1 gives a class of score function f✓ (a) which can
guarantee the surrogate gradient to the target action a⇤ . This class of score function
needs to meet two conditions:
1) the values of f✓ (a) at the target optimal actions a⇤ are always better or equal
to that of all the other actions, regardless of ✓; and
2) the equality only exists at certain space of ✓, where ⇡✓ (a) = 0 or ⇡✓ (a) = 1
or ⇡✓ (a⇤ ) = 0.
In fact, the previous method with action-independent baseline [32, 155] is a special
case of this theorem, since its score function f (ai ) = ra i

B satisfies the above

conditions. Unlike previous works that endeavor to maintain unbiased gradient
estimation [32, 33, 154, 155, 158, 159], this work proved it is legitimate to use
biased gradient, as long as the proposed sufficient condition C.1 is met.

5.1.3

Difficulty Adjustment

The previous section points out a sufficient condition for BPG to achieve unbiased
convergence. This section discusses how to obtain better/worse action sets Xa+ and

Xa to actually satisfy this sufficient condition. Note in practice, we do not know

exactly which actions are better than which, since if we have this information, the
problem would already be solved. Thus one can only work with inaccurate “better/worse action sets”. Therefore, an interesting question is whether an inaccurate
“better/worse action sets” can lead to sufficient condition C.1 to be met and if so
how.
In the case of difficulty adaptation, there happens to be a convenient way to construct approximate better/worse action sets from prior information of difficulty
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ranking. Specifically, if a question is observed to be too easy or too hard for the
user, then those questions which are even easier or harder than the current one can
be considered as “worse” actions; and in contrast those questions which are harder
or easier than the current one can be considered as “better” actions. Following
the problem formulation of difficulty adaptation described in Section 5.1.1.1, the
approximate “better action set” and “worse action set” are expressed as follows:

Xa+ :=

Xa :=

8
8ak |DR(ak ) > DR(a),
>
>
<
>
>
:

8ak |DR(ak ) < DR(a),

ga < G

;,

ga = G;

8
8ak |DR(ak ) < DR(a),
>
>
<
>
>
:

ga > G

8ak |DR(ak ) > DR(a),

(5.7)

ga > G
ga < G

(5.8)

8ak |DR(ak ) 6= DR(a), ga = G.

Although the information contained in above better/worse action sets is not accurate, the BPG with these sets can still guarantee unbiased convergence, because
the corresponding f✓ (a) indeed satisfies the condition C.1. The proof is as follows.
First, some notations which will be used in the proof are presented. We define
AL := {a|ga > G} and AR := {a|ga < G} which denote the questions which are
too easy or too hard for the user respectively. And the questions which are suitable

challenging for the user is denoted as AM := {a|ga = G}. Then AM is the target
optimal action set.

Based on the definition of inverse set, the corresponding inverse sets of the proposed
better/worse action sets are in Equation 5.9 and (5.10) respectively.

+0

Xa =

0

Xa =

8
A [ {8ak |DR(ak ) < DR(a)},
>
>
< R
>
>
:

a 2 AL

AL [ {8ak |DR(ak ) > DR(a)},
AL [ A R

a 2 AR
a 2 AM ;

8
A [ {8ak |ak 2 AL &DR(ak ) > DR(a)},
>
>
< M
>
>
:

AM [ {8ak |ak 2 AR &DR(ak ) < DR(a)},
;,

(5.9)

a 2 AL
a 2 AR
a 2 AM .

(5.10)
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0

Note that the optimal actions have larger inverse better action sets Xa+ and smaller
0

0

0

0

0

inverse worse action sets Xa than other actions, i.e. Xa+⇤ ◆ Xa+k and Xak ◆ Xa⇤ .
Therefore, 8ak 2 AR ,

f✓ (a⇤ ) f✓ (ak )
X
=
h+
✓ (ai ) +
0
0
ai 2Xa+⇤ \Xa+k

=h+
✓ (ak ) + h✓ (a⇤ ) +

X

h✓ (ai )

0
0
ai 2Xak \Xa⇤

0

X
0

(h+
✓ (ai ) + h✓ (ai ))
0

0

ai 2Xa+⇤ \Xa+k \Xak \Xa⇤

h+
✓ (ak ) + h✓ (a⇤ ).
0

0

The first equality uses the definition of f✓ (a) and complementary set: Xa+⇤ \ Xa+k =
0

0

0

0

0

0

{8ai |ai 2 Xa+⇤ &ai 2
/ Xa+k } and Xak \ Xa⇤ = {8ai |ai 2 Xak &ai 2
/ Xa⇤ }. Following
0

0

Equations 5.9 and 5.10, 8ak 2 AR , Xa+⇤ \ Xa+k = {8ai |ai 2 AR &DR(ai ) <=
0

0

0

DR(ak )} and Xak \ Xa⇤ = AM [ {8ai |ai 2 AR &DR(ai ) < DR(ak )}. Thus, Xa+⇤ \
0

0

0

Xa+k \ Xak \ Xa⇤ = {8ai |ai 2 AR &DR(ai ) < DR(ak )}, which leads to the second
equality.

Based on this derivation and the fact that h+
✓ (a)

0 and h✓ (a)

0, we imme-

diately have f✓ (ak )  f✓ (a⇤ ), 8ak 2 AR . The case for 8ak 2 AL can be proven in
a similar way. Therefore, it has been shown that f✓ (a) satisfies the first condition

of having maximum value at the target optimal actions. Moreover, if ⇡✓ (a⇤ ) 6= 0
_+

_

and ⇡✓ (ak ) 6= 0, then ⇡ ✓ (ak ) > 0 and ⇡ ✓ (a⇤ ) > 0. Combined with the definition
+
of h+
✓ (a) and h✓ (a), we have h✓ (ak ) + h✓ (a⇤ ) =

⇡✓ (ak )
_+
⇡ ✓ (ak )

|rak | +

⇡✓ (a⇤ )
_
⇡ ✓ (a⇤ )

|ra⇤ | > 0, if

rak 6= ra⇤ . Thus we have, 8ak 2 AR , f✓ (ak ) < f✓ (a⇤ ). The case for 8ak 2 AL can

be verified in a similar way. Therefore, we arrive at the conclusion that f✓ (a) also
satisfies the second condition.
In summary, it has been shown that with the proposed better/worse action sets
in Equations 5.7 and 5.8, condition C.1 is met and thus the proposed BPG-based
difficulty adjustment approach is guaranteed to converge at the target optimal
action. The overall difficulty adaptation algorithm is shown in Table 3. In addition,
although the algorithm discussed here simultaneously increases the probability of
the better action set and decreases that of the worse action set, other methods
focusing on one direction adjustment can also be analyzed in BPG framework by
simply setting Xa+ or Xa to be ;. Such an example (Maple-like BPG) can be found
in Section 5.1.5.
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Algorithm 3: Algorithm of BPG-based online difficulty adjustment
Input: target G 2 R , difficulty ranking Da 2 RA
Output: next question ai for each user at each time step
Initialize: policy parameters ✓k = 0, k = 1, ..., A
For each time step:
Sample a question ai ⇠ ⇡✓ from current policy
Get grade ga from user
Obtain related action sets Xa+i and Xai with Eq. 5.7 and Eq. 5.8
Update parameters ✓ = ✓ + ↵r✓ J with Eq. 5.3
Compute new policy ⇡✓ = softmax(✓)

5.1.4

Generalization in Actor-Critic Methods

Previous section focused on how to employ BPG in difficulty adjustment problem. This section discusses how BPG can be applied to the general reinforcement
learning problems beyond difficulty adaptation. One challenge in the generalization of BPG is the issue of obtaining the better/worse action set without prior
information. It turns out such information is surprisingly easy to obtain in actorcritic reinforcement learning methods. Actor-critic methods are a family of RL
algorithms which combine the strength of both value-based methods and policy
gradient methods. In these algorithms, a value function of Q(a) (critic) is learned
to indicate the goodness of each action and provides guidance for the policy (actor) optimization. Therefore, the information about whether an action might be
better/worse than another is exactly what we can expect the critic to contain.
Moreover, although the previous formulation is derived for discrete action space,
the idea of increasing better action set and decreasing worse action set can also be
used for multi-dimensional continuous action space. The continuous action case
turns out to be very similar to the difficulty adaptation problem. The absolution
value of the action contains a natural ranking and ra Q(a) denotes whether the
action value is too high or too low. Therefore, the better/worse action set in con-

tinuous action domain can be defined in a similar way with Equations 5.7 and 5.8:

Xa+ =

8
<

(a, 1), ra Q(a) > 0

: ( 1, a), ra Q(a) < 0

Xa

8
< ( 1, a), ra Q(a) > 0
=
: (a, 1), ra Q(a) < 0.

Following above definitions on Xa+ , Xa and taking |ra | as |ra Q(a)| in Equation
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5.3, the continuous BPG is proposed as in Equation 5.11:
r̃✓ J(✓) = Ea⇠⇡✓ [r✓ log ⇡
˜✓ (a)ra Q(a)]
where ⇡
˜✓ (a) :=

1 F (a)
,
F (a)

(5.11)

F (a) := [P(xi < ai ), x ⇠ ⇡✓ , i = 1, ..., D] is a vector and

each component stands for cumulative distribution function (cdf) at each action
dimension ai . Note that with a 2 RD and ✓ 2 RN , r✓ log ⇡
˜✓ (ai ) 2 RN ⇥D . The
proposed continuous BPG is similar to deterministic policy gradient (DPG) [160]:

r✓ J(✓) = r✓ µ✓ ra Q(a)|a=µ✓ , where µ✓ 2 RD is a deterministic policy parameterized by ✓, as both methods can make use of the information of ra Q(a) to improve
sample efficiency. Specifically, given a multivariate Gaussian policy N (µ, ) and
✓ = [µ, ], we have rµi log ⇡
˜✓ (ai ) =

⇡✓ (ai )
F (ai )

i

+ 1⇡✓F(a(a)i ) > 0 for i = 1, ..., D. Hence, sim-

ilar to DPG where rµi (µi✓ ) = 1 for ✓ = [µ], continuous BPG also moves the policy
in the direction of the gradient of Q and converges at the places of ra Q(a) = 0.

However, one common limitation for continuous BPG and DPG is the local optimal issue in the case of a non-convex Q function (e.g. neural network), due to the
dependence on ra Q(a). DPG is a deterministic policy and only focuses on the area

of a = µ✓ . Continuous BPG, on the other hand, is stochastic and can incorporate
the ra Q(a) information even when a 6= µ✓ . Thus, continuous BPG might have the

potential to alleviate this local optimal problem, given that it can make use a wider
range of ra Q(a). A more rigorous convergence analysis and detailed comparison
between continuous BPG and DPG will be conducted in the future work.

In practice, the critic function Q(a) is usually obtained using a function approximator Qw (a). Generally, this replacement could a↵ect the gradient direction. However, similar to traditional stochastic and deterministic policy gradient [156, 160],
a family of compatible function approximator Qw (a) for bootstrapped policy gradient is identified in Theorem 5.1.2, such that substituting Qw (a) into Equation
5.11 will not a↵ect the gradient.
Theorem 5.1.2. (Compatible function approximation) A function approximator
Qw (a) is compatible with a bootstrapped policy r̃✓ J(✓) = Eai ⇠⇡✓ [r✓ log ⇡
˜✓ (ai )ra Qw (a)|ai ],
if

(1) ra Qw (a)|ai = r✓ log ⇡
˜✓ (ai )T w; and
(2) w minimizes the mean-squared error, i.e. minw M SE(✓, w) = E[✏(✓, w)T ✏(✓, w)],
where ✏(✓, w) = ra Qw (a)|ai

ra Q(a)|ai .
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Proof. If w minimizes the MSE then the gradient of ✏2 w.r.t w must be zero. We
then use the fact that, by condition (1), rw ✏(✓, w) = r✓ log ⇡
˜✓ (ai ),
0 = rw M SE(✓, w)

= E[r✓ log ⇡
˜✓ (ai )✏(✓, w)]
= E[r✓ log ⇡
˜✓ (ai )(ra Qw (a)|ai

(5.12)
ra Q(a)|ai )].

Thus, E[r✓ log ⇡
˜✓ (ai )ra Qw (a)|ai ] = E[r✓ log ⇡
˜✓ (ai )ra Q(a)|ai ].
For any stochastic policy ⇡✓ (a), there always exists a compatible function approximator of the form Qw (a) = (a)T w with action features (a) := r✓ log ⇡
˜✓ (a)aT

and parameters w. Although a linear approximator is not e↵ective for predicting
action values globally, it serves as a useful local critic to guide the parameter update direction [160]. Regarding the condition (2), in theory, we need to minimize
the mean square error between the gradient of Q(a) and Qw (a). Since the true
gradient ra Q(a) is difficult to obtain, in practice, the parameter w is learned us-

ing the standard policy evaluation method, like Sarsa or Q-learning. The detail
discussion regarding this issue can be found in [160]. In the experiment section
5.1.5, a concrete example of how to apply the bootstrapped policy gradient for the
continuous-armed bandit is provided.

5.1.5

Experimental Results

5.1.5.1

Difficulty Adaptation

BPG was compared with five other difficulty adjustment methods:
• Random method : it always randomly selects questions ;
• Bisection method : a deterministic approach which repeatedly bisects the difficulty interval and then selects a subinterval which may contain the ideal
difficulty level for further processing;
• Policy gradient (PG): it updates policy based on Equation 5.2;
• Maple method : it heuristically increases the softmax weights of harder questions when a task is too easy for this user ( i.e. w = ↵1 ega

G

w, ga > G),
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and decreases the softmax weights of harder questions otherwise (i.e. w =
↵ 2 e ga

G

w, ga  G) [23] with ↵1 and ↵2 as parameters; and

• Maple-like BPG (BPG mpl)4 : it uses the bootstrapped policy gradient in
Equation 5.3, but the better/worse action sets defined following the rules used

in Maple. Specifically, when the question is too easy, the harder questions
are considered as the better action, i.e. 8ai 2 AL , Xa+i := {8ak |DR(ak ) >
DR(ai )}, Xai = ;; otherwise, harder questions are regarded as worse actions,
i.e. 8ai 2
/ AL , Xa+i := ;, Xai := {8ak |DR(ak ) > DR(ai )}.

A parameter sweep on step size is performed for all the approaches.
The data is generated following a similar manner in [23, 146]. The user performance is measured by grade g, which is positively related to the probability of a
user answering a task correctly. Given a target grade value G, which indicates the
best user experience, the goal of the difficulty adjustment algorithm is to select the
questions to keep the user’s performance at the target grade as close as possible.
Each user’s ability is modeled by a competence level sl. Each question is modeled
by a difficulty level ql. Given a pair of difficulty level and competence level, the
grade the user may receive after answering this question is computed based on Item
Response Theory [161]: g =
= 1 and

= 0.1. Note that

1
1+e

(ql sl)

+ (1

)". The parameters are set to be

controls the amount of random noise " ⇠ U [0, 1)

in the reward. In this setting, when the question difficulty ql matches exactly with
user ability sl, the grade is 0.5 and thus the target grade G is set to be 0.5 in
the experiment. Two kinds of distributions are considered while generating the
user competency levels sl and question difficulty levels ql: the uniform distribution
U{1, 200} and Gaussian distribution N (100, 20). This experiment considered 500

users interact with the agent and each completes 50 questions. There are 1,000
possible question for selection (i.e. T = 50, A = 1, 000).
Figure 5.4 shows the average cost at each time step for the di↵erent adjustment
approaches. The cost is computed as

r = |g

G|, which indicates the distance

to the optimal user experience. As expected, policy gradient method with a batch
4
Note that the softmax weights update direction in Maple-like BPG, in terms of increasing or
decreasing, is same with Maple. But unlike Maple in which the specific update amount is decided
in a heuristic manner with several tunable parameters, Maple-like BPG uses BPG framework in
Equation 5.3 to determine the update amount. The reason for employing Maple-like BPG as
a baseline is to demonstrate how to use BPG framework to analyze other adjustment scheme
besides the one proposed here.
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size of one fails in this problem with T ⌧ A. In fact, its performance is almost as

worse as random exploration. The proposed method as well as Bisection, Maple-like
methods (Maple, Maple-like BPG) can quickly converge within 10 to 20 exploration
steps. However, the proposed method leads to significantly lower cost than all
the other methods. Bisection method uses deterministic policy, which makes it
sensitive to the noise in the reward. As for the computation (see Table 5.1), the
rule-based method achieve fastest performance with around 0.001 milliseconds for
one adaptation step. The stochastic method achieve similar running time of about
0.01 milliseconds, which is still fast enough for supporting real-time responsive
system.

(a)

(b)

Figure 5.4: Comparison of adaptation methods for difficulty adjustment for
data with a) Gaussian and (b) Uniform distributions.
Table 5.1: Average running time of an adaptation step (in milliseconds).

Random

Bisection

PG

Maple

BPG mpl

BPG

0.010

0.001

0.013

0.012

0.013

0.013

Regarding the maple-like methods, it is not immediately obvious why they seem
to fail to converge at the optimal actions as they follow intuitively reasonable rules
to update the stochastic policy. This phenomenon is investigate in the following
experiment. In particular, the agents’ difficulty adjustment behavior for strong
students (with top 25% competency levels ) and weak students (with last 25%
competency levels) were investigated. The users’ perceived difficulty indicated
by the users’ grade is shown in Figure 5.5. The results show that the questions
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generated by random selection and policy gradient are always too easy for the
strong students (i.e. grades are close to 1 ) and too hard for the weak students (i.e.
grades are close to zero). After about 10 adjustment steps, the proposed method
can select questions to challenge students at a suitable level (grades are at the
exact target value of 0.5). However, the Maple-like methods seem to favor harder
questions by keeping the users’ grades below 0.5. To explain this behavior, the
score function f✓ (a) of Maple-like BPG was examined and the condition C.1 was
found to be violated in Maple-like BPG. In fact, it meets the first part but violates
the second part of the condition. Specifically, in its score function, the optimal
action aR⇤ in set AR always has the same value with a⇤ , even if 0 < ⇡✓ (aR⇤ ) < 1
⇡✓ (a⇤ )
|ra⇤ |. Given that the
and ⇡✓ (a⇤ ) 6= 0. Because f✓ (a⇤ ) f✓ (aR⇤ ) = h✓ (a⇤ ) = _
⇡ ✓ (a⇤ )
reward at target optimal question |ra⇤ | is close to zero in this problem, f✓ (aR⇤ )
and f✓ (a⇤ ) have similar values. In other words, the agent cannot di↵erentiate a⇤

from aR⇤ . It appears not all the heuristic-based difficulty adjustment schemes can
converge towards optimal actions. To ensure unbiased selection, it is crucial to
check whether the corresponding score function meets the sufficient condition C.1.
In fact, it has been found that while using heuristic rules to construct better/worse
action set, only the first condition is generally true, and one should pay particular
attention to check if the second condition is met.

(a)

(b)

Figure 5.5: Perceived difficulty for (a) stronger and (b) weaker students.
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Continuous-armed Bandit

This experiment applied BPG in multidimensional continuous action domain. Specifically, the same continuous-armed bandit problem proposed in [160] was considered.
A high-dimension quadratic cost function is considered in this problem, and is defined as

r(a) = (a

a⇤ )T C(a

a⇤ ) + (1

)✏, where a⇤ = [4, ..., 4]T ,

= 0.99

controls the amount of random noise " ⇠ U[0, 1) in the reward and C is a positive

definite matrix with eigenvalues of 0.1. Two systems were considered with action
dimensions of 10 and 60 respectively, i.e. a 2 R10 , a 2 R60 . The performance
of continuous BPG was compared with other well-established policy optimization

methods such as deterministic policy gradient (DPG) [160] and stochastic policy
gradient (REINFORCE) [155]. Same as in [160], the critic functions Qw (a) were
estimated by linear regression from the features to the costs. The features
are (a

5

used

µ). With the batch size twice that of the action dimension, the actor and

the critic were updated per batch. A parameter sweep over all the parameters of
step-size and variance was performed. Figure 5.6 shows the performance with the
best parameter for each algorithm. From these results, we can see that with the 10
action dimensions, BPG outperforms stochastic policy gradient (PG) and achieves
similar performance with DPG. As the problem becomes more challenging with
higher dimension, the performance in BPG is better than all the other methods
including DPG. Note that the control of complex system often involves high dimension of freedom degree. The Humanoid robot in Mujoco simulator [157] has 17
action dimensions. And the real world systems have even higher controlled degree
of freedom, such as human body, which have over 600 muscles and 200 bones [162].
This result shows a promising application to explore high dimensional space.

5.1.6

Discussion

This work applies reinforcement learning to address the issue of difficulty adaptation with the goal of presenting users with suitably challenging tasks. To overcome
the problem of sample inefficiency in policy gradient methods, a framework of the
bootstrapped policy gradient (BPG) algorithm was presented, which can exploit
the prior knowledge of action relationship to achieve stable policy optimization
5

We also run experiment with corresponding compatible feature for BPG but the results do
not improve.

108

5.1. Algorithm: Bootstrapped Policy Gradient for Difficulty Adjustment

(a)

(b)

Figure 5.6: Comparison of policy gradient methods for the continuous-armed
bandit with (a) 10 action dims, and (b) 60 action dims.

even with small batch size. The key idea is to increase the probability of better
action set and decrease the probability of worse action set at gradient estimation
sample. The BPG-based difficulty adaptation approach is able to achieve fast convergence in a challenging environment with short horizon and large discrete action
space (T ⌧ A). On the theoretical front, unlike other heuristic-based difficulty

methods, a rigorous theoretical justification was provided to guarantee that the
proposed difficulty adjustment scheme can converge to the target optimal action.
In fact, the sufficient unbiased convergence condition identified in the theoretical
analysis can shed some light on why some seemly reasonable heuristic-based difficulty adjustment schemes sometimes fail. This is because the corresponding score
function of these rules satisfies the first requirement of the sufficient condition but
violates the second.
Several points should be noted when applying the proposed difficulty adaptation
method to real-world interactive applications. The experiment given here used the
relationship between the user’s grade and the target grade to infer whether the
current question is too easy or too hard for the user. For applications where target
grade is unavailable, other indicators like the user’s error rate or reaction time can
be used to infer this information. In fact, the next section shows the application of
BPG in the visual memory game, for which the memorization time is used as the
measure of perceived difficulty (see Section 5.2).
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The generalization of BPG to general reinforcement learning problems with no
prior information available has also been discussed. In particular, a link between
BPG and actor-critic methods was revealed by using the critic function to provide
prior information for BPG. A continuous BPG for multi-dimensional continuous
action domain was presented and the e↵ectiveness of which has been demonstrated
through the continuous-armed bandit problem. So far, the generalization of BPG
was discussed in the context of MAB. Applying the idea of increasing the probability of the better action set and decreasing the probability of the worse action
set in MDP is a future research direction.

5.2

Application in Visual Memory Game for Dynamic Difficulty Adaptation

5.2.1

Machine Learning-based Difficulty Adaptation

Figure 5.7: Overview structure of ML-based dynamic difficulty adaptation
combining difficulty ranking personalization and stochastic difficulty adjustment.

The previous section proposed a method (BPG) to automatically adjust task difficulty to match user ability. BPG assumes the difficulty ranking is known in
advance. Regarding how to obtain such prior information, Chapter 4 proposed a
solution of clustering-based difficulty ranking personalized approach. Therefore,
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Combining these two methods leads to a complete machine learning-based algorithm for dynamic difficulty adaptation (see Figure 5.7). Specifically, first, the
Curvature-based clustering is employed on pre-collected performance data to identify the di↵erent difficulty profiles. Next, during the online interaction with users,
the most appropriate difficulty profile is updated every a few steps (e.g. 5 steps)
based on past play history and selected as the personalized difficulty ranking. At
each time step, the the better/worse action sets are constructed based on the updated personalized difficulty ranking and the user’s current performance feedback
and then the policy parameters are adjusted accordingly to increase the probability
of the better action set and decrease the probability of the worse action set following BPG. Finally, the next task is sampled from the probability with updated
parameters. The detail of the full DDA algorithm is shown in Algorithm 4.
Algorithm 4: Algorithm for dynamic difficulty adaptation combining difficulty
ranking personalization and stochastic difficulty adjustment
O✏ine stage
Preprocess the performance data: DR = preprocessing(X)
Determine the cluster number: k = curvatureM ethod(DR)
Obtain the difficulty ranking candidates by clustering
Online stage
For each time step t:
Sample a question ai ⇠ ⇡✓ from current policy
Get grade ga from user
Obtain better/worse action sets based on difficulty ranking
Update policy with BPG
For every 5 time steps (t%5 == 0):
Update the personalized difficulty ranking with latest play history

In the next section, the Pals online visual memory game platform is taken as an
example to demonstrate how ML-based DDA method can be applied in a real-life
application. Specifically, to employ the proposed difficulty adaptation method, a
three-step procedure is proposed.
• The first step is to define the action space A = {a1 , a2 , ..., aA }, which is the

design space in the interactive systems. In the visual memory game, the
action space is the pre-defined 100 visual memory tasks.

• The second step is to identify the feedback signal ga . This signal needs to

be a quantitative performance measure which can reflect the difficulty level
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exerted by the current design choice on the user. In the visual memory
game, the memorization time is taken as the difficulty indicator. The longer
the memorization time is, the hard the task is for the user. As discussed
in Chapter 3, to ensure this quantitation measure is a truthful reflection of
difficulty, special care has been taken in the game design.
• The third step is to specify a target value G under this performance measure

which the system aims to maintain. The value can be determined by experts
or via preliminary study. In the visual memory game, the target memorization time is set to be 4200-5200 ms, which corresponds to Time Bubble No.4.
This target memorization range of 4200-5200 ms was selected based on the
median memorization time in a preliminary study. The study employed a
deterministic adaptation rule with 62 participants: increase (decrease) one
target if the answer is correct (wrong). The median memorization time in
the result is 4340 ms. The selected target (4200-5200 ms) is the nearest Time
Bubble range to the median memorization time.

5.2.2

Experimental Settings

The experiment for obtaining the visual memory profiles via o✏ine training has
been covered in the last chapter (see section 4.2 in Chapter 4). This chapter’s
experiment is focused on the performance for DDA at the online stage. The experiment was conducted using real gameplay data gathered from the Pals online
visual memory game platform described in Chapter 3. Three experiment settings
were employed: no adaptation mode, rule-based adaptation mode, and machine
learning adaptation mode. In all three settings, each player finished 25 tasks. The
three modes di↵er in how the tasks are selected for the players. In the no adaptation setting, the tasks are randomly selected from the question bank throughout
the game. This mode serves as a experiment baseline to study whether there are
other factors, besides difficulty adaptation, a↵ecting memorization time. In the
two adaptive modes, the first 5 tasks were randomly selected, but afterwards, the
tasks were selected by the corresponding adaptation algorithms. The goals of the
two difficulty adaptation methods are the same, which is to maintain the memorization time at the target level (4200-5200 ms) which is specified in advance.
The rule-based adaptation used the incremental adjustment with the target number as difficulty indicator. In particular, if the memorization time is above 5200
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ms, the agent will select a task with one more target than the current task and
if the memorization time is less than 4200 ms, the agent will select a task with
one less target. This is based on the simple assumption that the task difficulty increases with increasing target count. The machine learning-based adaptation used
the DDA approach described in Table 4, with the clustering-based personalized
difficulty ranking and reinforcement learning-based stochastic adjustment.
The participants were recruited from the Amazon Mechanical Turk platform from
Apr-01-2019 to Jun-01-2019. There were 378 players in total. 77 subjects played
the no adaptation mode, 136 subjects played the rule-based adaptation mode and
165 subjects played machine learning-based adaptation mode.

5.2.3

Data Analysis and Results

5.2.3.1

Performance Disparity

First, this study examined the research question that was first raised in Chapter 3,
which is whether the difficulty adaptation can reduce the performance disparities
among the users. The performance disparity is measured by the standard derivation of the memorization times of all the players. A desirable lower performance
disparity value implies that the discrepancy between users’ performances is moderated. In other words, regardless of the inherent abilities of users, by adapting
the difficulty based on user abilities, their performances may be kept at a similar
level.

Figure 5.8: Performance disparity at the start stage and end stage of the game.
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Figure 5.8 plots the performance disparities from the start stage (the first five tasks)
to the end stage (the last five tasks) of the game. In the no-adaptation mode, as
expected, the performance’s standard derivation basically stays the same, with a
merely 1.2% of change from 3606 ms to 3652 ms. On the contrary, in the two
adaptive modes, there were evident decreases in performance disparity. The rulebased adaptation reduced the performance disparity by 30.5% from 3650 ms to 2536
ms. The machine-learning-based adaptation reduced the performance disparity by
48.7% from 3672 ms to 1883 ms. These results show that the machine-learning
based difficulty adaptation has successfully reduced the performance disparity and
to a greater extent compared with traditional rule-based difficulty adaptation. As
a result, although at the beginning of the game, the performance disparities in
the three groups of players were at the similar levels, by the end of the game, the
group with the ML-based adaptation achieved much lower performance disparity
than the other two (see Figure 5.8).
The heatmap in Figure 5.9 shows a more detailed description of the progressive
changes in performance disparity. The performance disparities are presented every
five steps. As the game proceeded, the machine learning-based adaptation continued to decrease the performance disparity among players and achieved the lowest
level of the three modes evaluated.

Figure 5.9: Heatmap of performance disparity variations as gameplay progresses.
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5.2.3.2

Fast and Slow Players

The previous section showed that the proposed machine learning-based adaptation
method provides the most e↵ective reduction in performance disparity. This section
investigates how the proposed method is able to achieve this better adaptation
outcome. Specifically, we examined how the agent adapted di↵erently to faster
and slower players.
Note that the first five questions were chosen randomly in all three modes. Thus,
the average memorization time for the first five questions was used to infer the
memory ability of users. The players were sorted based on this value from lowest
to highest. The first 33% were labeled as fast players and the last 33% as slow
players. Their performance changes were examined separately.

Figure 5.10: The memorization time variations in three difficutly adaptation
modes for fast and slow players as the game progresses.

As shown in Figure 5.10, the fast players’ memorization times were going upward
as the game continued. On the other hand, the slow players’ memorization times
were going downward. This provides an intuitive idea of how performance disparity
is reduced, which is through speeding up the slow players and slowing down the
fast ones. This result was also investigated from a statistical point of view. The
paired t-tests were performed to study whether the memorization time was changed
from the start of the game to the end of the game in each mode. For the fast
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0.45, p = 0.66) from the start

stage (M = 2507, SD = 613) to the end stage (M = 2647, SD = 1622) in the
no-adaptation mode, but the memorization time was significantly increased in rulebased adaptation mode (t(86) =

4.35, p < 0.001, from M = 2847, SD = 870

to M = 3563, SD = 1344) and ML-based adaptation mode (t(106) =

2.64, p =

0.011, from M = 2530, SD = 849 to M = 3018, SD = 1339). This result suggests
the adaptation can indeed present fast players with more challenging tasks and slow
them down. Similarly, the slow players’ memorization behaviors were also found to
be altered in the two adaptation modes. The memorization time was significantly
decreased from the start of the game to the end of the game in rule-based adaptation
mode (t(86) = 7.056, p < 0.001, from M = 10286, SD = 3241 to M = 6327, SD =
2548) and ML-based adaptation mode (t(106) = 11.18, p < 0.001, from M = 10115,
SD = 3175 to M = 5066, SD = 1808). Interestingly, in the no-adaptation mode,
the memorization time of the slow players also significantly declined (t(48) = 3.08,
p = 0.006, from M = 9917, SD = 3130 to M = 7072, SD = 3915). Recall that for
fast players, no such change was observed in the no adaptation mode. This result
implies there is some form of learning e↵ect for the slow players.
This finding raises the question of whether the decline in slow players’ memorization
time is caused by the learning e↵ect or by adaptation with easier tasks. To answer
this question, we directly compared the memorization time in the end stage of the
game in the adaptation modes with the no-adaptation mode using independent
t-tests. Note there is no significant di↵erence in memorization time at the start
stage of the game between the three groups. We investigated whether the difficulty
adaptation will make any di↵erence in the memorization time by the end of the
game. No significant di↵erence (t(67) = 0.95, p = 0.35) was observed in end-stage
memorization time between the no-adaptation mode (M = 7072, SD = 3915) and
rule-based mode (M = 6327, SD = 2548). But there is indeed significant di↵erence
(t(77) = 3.08, p = 0.003) between the no-adaptation mode (M = 7072, SD = 3915)
and machine learning-based adaptation mode (M = 5066, SD = 1808). This result
demonstrates the e↵ectiveness of the machine learning-based adaptation in quickly
bringing the slow players up to speed, because it led to significant memorization
time decline beyond that contributed by learning e↵ects. However, for the rulebased mode, its adaptation e↵ect cannot be di↵erentiated from learning e↵ect
and thus there is not enough evidence to indicate that the rule-based adaptation
really made any di↵erence for the slow players. In summary, in this experiment,
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both adaptation methods successfully adapted to the fast players, but only the
machine learning-based method is found to work e↵ectively for the slow players.
This is bearing in mind that with the learning e↵ects, the slow players’ abilities
were improving as the game continued, which brings an extra challenge to the
adaptation algorithm. The advantage of the machine learning-based adaptation
lies in its ability to quickly detect and accommodate to the user’s progressive
change in visual memory profile as the users learn and develop new memorization
strategies during gameplay. This is achieved with the help of flexible stochastic
adjustment and personalized difficulty ranking, which the rule-based adaptation
with incremental adjustment and fixed difficulty ranking is unable to do.
To better understand the di↵erence between two adaptation methods, a direct
comparison between the two adaptive modes was conducted. The slow players
with the machine-learning adaptation (M = 5066, SD = 1808) have performed
significantly faster (t(96) = 2.83, p = 0.006) than that in the rule-based adaptation
mode (M = 6327, SD = 2548) by the end of the game. But, there is no significant
di↵erence (t(96) = 1.98, p = 0.051) in the fast players’ performance between the
two modes by the end of the game. This result also indicates the success of machine
learning based adaptation lies more in its e↵ectiveness in lifting up the slow players,
instead of slowing down the fast ones. Here we seek to understand why it fails to
outperform the rule-based method for the fast players. Note that the average
memorization time of the fast players at the end of two adaptive modes were both
still below the target of 4200-5200 ms (See Figure 5.10). This implies that the
question bank probably does not contain the questions that are difficult enough
for the fast players. As a result, the adaptation methods do not actually have
the opportunity to select the questions that can really challenge the fast players.
This probably explains why there is no significant di↵erence in the fast player’s
memorization time between the two adaptive modes. Hence, for the adaptation
method to be e↵ective for both fast and slow players in the participating population,
it is important to have a question bank that contains a large number of questions
spread over difficulty levels that cover the variations of abilities within the user
population.
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Summary

This chapter proposed a stochastic difficulty adjustment method based on reinforcement learning. Unlike traditional heuristic methods, this chapter discussed
the fundamental question of how to ensure unbiased convergence of stochastic adjustment and shed some lights on why some heuristic methods fail in certain cases.
The proposed method is based on a key idea of bootstrapping policy gradient with
better/worse action set to enhance sample efficiency. The idea has the potential
to be generalized beyond difficulty adjustment, to other reinforcement learning
problems.
The stochastic difficulty adjustment approach proposed in this chapter requires
the prior information of difficulty ranking, which can be obtained through the
clustering-based personalized difficultly ranking method proposed in Chapter 4.
Thus, combining these two techniques leads to a complete algorithm for DDA. The
proposed algorithm was applied in the Pals online visual memory game platform
described in Chapter 3 and successfully alleviated the “large performance disparity”
problem highlighted in Chapter 2 by 48.7% through slowing down the fast players
with harder tasks and speeding up the slow players with easier tasks.

Chapter 6
Conclusions
6.1

Discussions

This thesis has made several novel contributions and insightful observations in the
areas of HCI and ML.
First, the thesis revealed the existence of the Köhler motivation gain and Köhler
discrepancy e↵ects [92] in cognitive-oriented cooperative tasks similar to that observed in physically-oriented ones [94–96]. In the user study with the Stroop game,
peer accountability was found to motivate users, especially the weaker partners,
to put extra e↵orts during cooperation. However, it was also observed that large
performance discrepancy among the cooperating partners can lead to performance
decline. Hence, to maintain the motivation gains, the performance discrepancy
between the cooperating partners must be properly moderated. These findings
led to a key challenge, namely how we can reduce such performance disparity. A
straightforward idea is to present stronger users with harder tasks and weaker users
with easier ones. In other words, the challenge levels need to be personalized based
on user di↵erences. The traditional interactive systems usually employ a simple
difficulty adaptation method of using a scalar value such as the game scores or
students’ grades to denote users’ competence level [18] and presenting harder tasks
to the competent users and easier tasks to the less competent ones. These methods su↵er from two main drawbacks: oversimplification in user description and
rigid adaptation with deterministic or heuristic rules. To overcome these issues in
difficulty adaptation, this thesis proposed a machine learning-based solution.
119
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6.1. Discussions

This thesis presented a clustering-based method to identify the personalized difficulty ranking for a given user. To obtain personalized difficulty rankings, this
work exploits machine learning’s ability in extracting useful information from data
and making predictions for unseen cases. Specifically, the proposed algorithm first
identifies di↵erent types of user difficulty ranking profiles from the pre-collected
performance data via clustering and then determines the appropriate user type for
a new user in real-time based on NDPM distance. It should be noted that this
clustering-based algorithm was developed in particular to address the constraints
posed by the interactive systems. First, the training data collected from interactive
systems contain a high level of uncertainty arisen from human behaviors. To avoid
over-fitting to the noisy training data, instead of using KNN style approaches to
directly make inference based on neighboring instances [115], the proposed method
employed an extra step of building prototype via clustering and then made a prediction based on the prototype. With this approach, not only is the performance
more robust, the run time during the test stage is also reduced. This is because it
only compares the new sample with several prototypes instead of all the training
instances. Second, a parameter-free method for determination of the cluster number was proposed. Unlike many previous methods, the proposed method is easy
to implement and has a low computational cost. And to ensure its robustness, the
method was extensively evaluated on various datasets including challenging environments with high dimensions, hierarchical structure or intermix clusters. Lastly,
to make a reliable prediction of user type based on a small number of observations
during the online stage, the NDMP measure [115, 140, 141] was used to compare
the distance based on ranking instead of raw performance measure. As shown in
the previous work [115] such measure can work robustly with some dimensional values missing and thus can support prediction with limited play history. It is these
design considerations that give the proposed clustering-based method the ability
to support responsive interactions in a timely and robust manner. The results in
the visual memory game example showed that the clustering-method can make an
accurate prediction of user visual memory profiles with minimal number of gameplay observations. The identified user profiles were able to embody complex user
di↵erences, such as memorizing strategies and visual memory characteristics (e.g.
the ability to detection structure patterns). In addition, while the clustering-based
method was applied in a visual memory game, it may also be generalized to many
other contexts. In fact, the complex and user-variable difficulty characteristics
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of the visual memory game are representative of typical task difficulty encountered in many real-life scenarios. For example, in the online education systems like
MOOCs, depending on their previous education backgrounds, students can exhibit
substantial di↵erences in their difficulty ranking profiles. The proposed difficulty
ranking personalization method can be used to inform the teachers which areas the
students need to strengthen and help the teachers manually tailor the practicing
question sets for the students. Moreover, since the method is computationally efficient, it can be used in real-time interactive systems to guide automatic difficulty
adaptation.
This thesis also proposed a stochastic difficultly adjustment method with theoretical convergence guarantee. Formalizing difficulty adjustment problem in reinforcement learning, a novel framework was proposed to improve the sample efficiency
of policy gradient making it applicable in real-time responsive systems. The proposed BPG framework was able to accomplish three goals. First, by introducing
the concept of better/worse action, BPG incorporates the prior information of personalized difficulty ranking into the adaptation mechanism, achieving personalized
adjustment decisions for each user. Second, by updating the probability of better/worse actions, the batch size required in policy gradient ends up being highly
reduced, overcoming the sample efficiency in human-in-the-loop applications. More
importantly, a theorem was provided to ensure the stochastic adjustment converge.
Interestingly, this theorem not only proved the unbiased convergence of the proposed adjustment mechanism but also shed lights on why some previous heuristic
adjustment rules [23], despite seeming reasonable, often fail in practice. With this
bootstrapping technique, the proposed adjustment mechanism achieved fast and
unbiased convergence with a small batch size both theoretically and empirically.
This work has also led to a number of insight observations regarding several classes
of machine learning algorithms. In the context of cluster analysis, this thesis showed
that the curvature of the cost function, in terms of the within-cluster variance, actually contains valuable clues about the number of clusters existed in the data. These
hidden clues which have been heuristically explored via visual inspection [123, 126],
have never been seriously treated or systematically studied in previous works. This
research made a key finding regarding why it is hard to extract useful cluster information from the cost function curve: there is an irrelevant element obscuring
the curvature information, which is the scaling factor in axes of the cost function
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plot. After applying theoretical analysis to eliminate the influence of the scaling
factor, it turns out that the knowledge of cluster number can be revealed from the
curvature in a surprisingly easy way. The computational cost is substantially lower
than the previous cluster number determination methods [125, 130]. In the context reinforcement learning, the proposed surrogate policy gradient theorem not
only answered how to achieve unbiased convergence while using BPG framework,
but, more importantly, opened up a new research direction in enhancing the sample efficiency of policy gradient. As we know, policy gradient is very popular in
RL due to its stable convergence characteristic, but su↵ers from the high variance
problem. Thus RL researchers have endeavored to devise surrogate gradients with
a lower variance to replace the original policy gradient method. It was previously
believed that to maintain stable convergence, special care needs to be taken in
the design of new surrogate gradient to make it equal to the original policy gradient [32, 33, 154, 155, 159]. However, this research showed that this constraint is
actually unnecessary. As shown in the theorem 5.1.1, sometimes it does not matter
if the surrogate gradient does not equal policy gradient. As long as the proposed
sufficient condition is met, the surrogate gradient can still achieve unbiased convergence to the optimal solution. With this key constraint lifted, this research pointed
out a new class of surrogate gradients which have the potential to reduce variance
more aggressively at the same time maintaining stable convergence.

6.2

Generalizations and Limitations

Combining the clustering-based difficulty ranking personalization and RL-based
adjustment, the overall ML-based adaptation approach achieved e↵ective personalizing of task difficulty in the visual memory game platform. While the proposed
DDA method was applied in an environment involving only simple cognitive activities, it can potentially be applied to solve the challenges faced by many other
real-life applications. For example, the educational applications are often faced
with the challenge of a large question bank with hundreds or even thousands of
question candidates [12, 103, 115] and a diverse user base with di↵erent backgrounds and abilities. The proposed method brings an opportunity to detect the
di↵erent types of students and to explore large action space efficiently. However,
there are some cases in which the proposed method is not applicable due to some
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practical limitations. This section discusses the generalizations and limitations
of the proposed method in other application contexts. Recall that applying the
ML-based DDA method in visual memory game involves a three-step procedure as
described in Chapter 5. This three-step process can be used to analyze whether
the method is suitable for an application and if so, how it can be applied.
• The first step is to define the action space A, i.e. the design space. This

is straightforward for some applications. For example, in the visual memory
game, each visual memory task is taken as an action. But other applications
may involve continuous design spaces or multi-dimensional spaces. As the
proposed method deals only with a discrete design space, multi-dimensional
continuous spaces need to be transformed into discrete ones via discretization
and coding. Take a shooting game as an example. The choices of enemy
settings can be considered as actions. The enemy settings can consist of
multiple dimensions such as weapon types and position configurations. Some
dimensions can involve continuous variables, e.g. positions. In this case, the
continuous space of the position needs to be discretized to discrete choices.
Then the multi-dimension spaces of weapon type and position need to be
coded together to a one-dimensional discrete space of enemy settings, such
as setting No.1=[weapon No.1, position No.1], setting No.2=[weapon No.1,
position No. 2], etc.

• The second step is to obtain a feedback signal ga for difficulty. Possible signals include the graded response in education systems, the time taken in

completing the task, or the score received in games. In the shooting game
example, the in-game performance like the damage of the player under an
enemy setting can be used to indicate the challenge level of that enemy setting. The key point in designing such difficulty signal is to ensure the signal
is reliable and gives a quantitative measure of difficulty. To this end, sometimes special care needs to be taken in the game design. For instance, in the
visual memory game, the scoring mechanism penalizes the inaccurate memorization attempts as well as slow memorizing actions, aiming to discourage
the reckless guessing behavior and encourage focused best-e↵ort memorization behaviors. Assuming players are motivated to achieve the best score,
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this stimuli design serves to reduce undesirable noise in the relationship between the quantitative performance measure (memorization time) and task
difficulty.

• Thirdly, a target value under this performance measure needs to be specified in advance. The proposed method only answers the question of how to
maintain a given target performance. How to select a target value is beyond
the scope of the proposed method. The target value can be determined by
experts or via preliminary studies. Based on the aim of the systems, the target value can vary. For instance, in a computerized adaptive testing system,
the target performance is set to be 0.5 in order to maximize the information
gain, but in an educational environment, the target performance can be set
a bit higher (e.g 0.75) so as to promote the learning process [5].
Following this three-step procedure, the proposed method can be applied in the
shooting game example by taking the choices of enemy settings as actions and the
damage as difficulty measure and specifying a target damage level. The clusteringbased method can first be applied to examine if there is a universal difficulty
ranking for di↵erent users, in terms of enemy settings. After understanding which
enemy settings are considered challenging or easy for the player, the BPG-based
adjustment method can be applied to select enemy settings to maintain the target player performance. However, it should be noted in some systems, one may
have difficulty in performing these three steps. For example, regarding the first
step of design space, some applications may involve a high-dimensional domain,
such as a maze game in which the challenge level is controlled by the positions
of many obstacles. In this case, the discretization is inefficient and may lead to a
prohibitively large number of actions. When it comes to the second step, reliable
quantitative difficulty measures are perhaps not available in some applications.
For example, in an intelligent tutoring system with multiple-choice questions, the
grade for a question is only binary (i.e. correct/incorrect) rather than numeric. As
a result, the difficulty is only indicated at a coarse level. Moreover, it is hard to
determine a target value under this binary performance measure. The proposed
difficulty adaptation method is thus not directly applicable in this case. To apply the proposed method, players probably need to play several questions from a
question pool consisting of tasks with a similar difficulty level and then the error
rate computed from the combination of several consecutive answers can provide
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a meaningful quantitative difficulty measure. For instance, if a player answered
4 questions from the same difficulty level and only 1 of them were answered correctly, the error rate in this case is 0.75. Given a specified target error rate (e.g.
0.5) [5, 103], this feedback signal suggests the current questions are too hard for
the player. The proposed BPG adjustment mechanism can be applied in this case
to increase the probabilities of easier questions and decrease the probabilities of
harder ones in order to select questions suitable challenging for the player. Finally,
with respect to the third step, it is likely that some application goals cannot simply be summarized by a feedback signal. For instance, in a system to maximize
pre-test/post-test learning outcomes, the final outcome only comes at the end of
the game. There is no feedback signal to guide the difficulty adjustment along the
way. In these scenarios, the proposed method cannot be applied. Next section of
future work will revisit these limitations and discuss how to extend the method to
wider application scenarios.

6.3

Future Research Directions

There are some limitations in this work that o↵er great opportunities for further
exploration.
First, as mentioned before this work is mainly concerned with the adaptation of
challenge levels in a discrete design space (e.g. Task No.1,..., Task No.100). In some
other applications, the challenge levels can be controlled in a (multi-dimension)
continuous design space. For example, in the flappy bird game, the difficulty can
be tuned by changing the horizontal spacing and vertical gap between pipes [7].
Apart from discretization which may lead to a large number of actions, a more
promising solution is to use the proposed continuous BPG. Continuous BPG can
directly explore muli-dimensional continuous space. Its efficiency, especially in high
dimensional cases (e.g. 60 dim) has been demonstrated in a simulated environment
in Chapter 5. Further experiments of continuous BPG need to be conducted in
real-world applications to validate its e↵ectiveness.
So far, this thesis has focused on one particular kind of personalization - personalized difficulty level. Other kinds of personalization in the interactive systems, like
selecting display choices [21, 163] or command set [20], can also be formalized in
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the framework of reinforcement learning framework, in which the proposed BPG
method can also be employed. However, one should be mindful of a few considerations while applying the proposed method in these applications. First, it should
be noted that the value proposition of the BPG method lies in its efficiency in
exploring large action space. With only a few action candidates like choosing from
three display message or seven education concepts [21, 163], the advantage of BPG
over other traditional RL algorithms may not be very significant. Second, these
applications with other personalization goals may not care about the difficulty
ranking but other aspects of users’ di↵erences. In these cases, the clustering-based
difficulty ranking method is not applicable. A more general approach is to incorporate the detection process into the reinforcement learning framework with
actor-critic methods. The critic function can then be learned to denote the desirability of the design options in both continuous and discrete design space. A
simple example of this actor-critic method has been shown in the simulation experiment with continuous BPG, in which the critic function of Q(a) is learned via
regression. To achieve personalization, the MDP framework can be employed to
replace Q(a) with Q(s, a). In this way, the state space s can be used to capture
user information. In fact, extending BPG to MDP framework has another important advantage. It can capture the long-term e↵ects of design decisions. Note that
the current BPG method requires timely feedback signals. But some applications
may contain delayed feedback. As discussed earlier, in an educational application
seeking to improve pre-test/post-test learning outcomes, the feedback signal does
not come until the very end. In this case, BPG is not applicable, but the MDP
framework can take the long-term e↵ects of actions into account by maximizing the
cumulative reward instead of the immediate reward. Hence, extending BPG from
MAB to MDP is another research direction that deserves further investigation.
Lastly, this research on difficulty adaptation was originally motivated by the observed negative influence of “large performance disparity” issue in the cooperative
Stroop game described in Chapter 2. A natural future work is to revisit this issue
by employing the proposed difficulty adaptation mechanism to reduce the discrepancy of the partners in the Stroop game. Note that there is no obvious difficulty
variation among the di↵erent Stroop tasks as one color selection is not significantly
harder than another. We need therefore change the concept of difficulty adaptation
from one of selecting an appropriate task to match user’s ability to one of giving the
appropriate advantage or disadvantage to normalized the user’s ability. In the case
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of the cooperative Stroop game, the stronger players could be given a longer delay
before the task is presented to them so that slower players have a higher chance to
complete their task at about the same time. In other words, the action space for
the difficulty adaptation is no longer the task candidates but the value of the delay
in the task presentation. Following the three-step procedure, this continuous delay
time can be discretized to discrete space, like [0s, 0.01s, ..., 0.09s, 0.1s]. The performance discrepancy of the two partners can be considered as the feedback signal.
And a target discrepancy level can be specified, e.g. zero or a small number. Then
the proposed adaptation mechanism can be employed to stochastically adjust the
delay value to keep the performance discrepancy at the target level.

6.4

Conclusions

This thesis has taken a step towards exploiting the intelligence of machine learning
to improve human-computer interaction. With the novel techniques to overcome
the practical constraints posed by interactive systems, machine learning algorithms
were successfully applied in real-time responsive applications to personalize difficulty adaptation for individual users. We now have the ability to incorporate
human-in-the-loop ML algorithms in creating personalized interactive systems design that can potentially be more e↵ective in maintain the appropriate state of flow
for each and every user.

Appendix A
Supplementary Material for
Visual Memory Profile
A.1

Difficulty Ranking Personalization with Different Amounts of Training Data

In Chapter 4, the proposed difficulty ranking personalization (DRP) method was
conducted with a training data of 544 players. This section shows the results of
DRP with other amounts of training data. Figure A.1 plots the prediction quality of
difficulty ranking at di↵erent game stages with clustering on the di↵erent numbers
of training samples. As the number of training samples increases, the NDMP
decreases in general. This suggests the DRP seem to achieve a more accurate
prediction of difficulty ranking with more training data. However, this statement is
not true for predictions at the early stages of the game, i.e. with 5 steps and 10 steps
of gameplay records. With these small numbers of observations, the prediction
performance declines as the training samples increase from 544 samples to 760
samples. This result implies the prediction at the early stage of the game can
deteriorate with too many training samples.
To further investigate this phenomenon, the clustering results, in terms of the
cluster number is shown in Table A.1. The Curvature-based method identified 3
clusters with 544 samples and 7 clusters with 760 samples. As we know, a relatively
large number of clusters can lead to over-fitting to the training data and reduce
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Figure A.1: Prediction error of difficulty rankings at the di↵erent game stages
with di↵erent amounts of training samples.

the generalization ability. This may explain the decline in performance with 760
samples (7 clusters). In fact, the prediction of difficulty ranking at early game stage
is quite important for difficulty adaptation as it directly impacts the subsequent
adaption behavior. Therefore, the clustering result with 3 clusters is chosen as
the predicted difficulty ranking profiles and is used for the subsequent difficulty
adaptation study.
Number of Training samples

Predicted Cluster Number

104
216
544
760
853

8
4
3
7
6

Table A.1: Training batch and number of clusters.

A.2

Question Bank

The 100 randomly generated questions used in the visual memory game are shown
in Figure A.2. Specifically, when generating the tasks, the task number is specified
and the positions of the targets are generated randomly. The target number lies
in between 3 to 8.
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Figure A.2: Question bank for the visual memory game.
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Appendix B
Supplementary Material for
Clustering
B.1

Six Baseline Approaches for Determination
of Cluster Number

The CH [120] method, in short, chooses the number of clusters as the argument
maximizing eq. B.1 where J(k) is within-cluster variance with k clusters and n is
the number of observations.
CH(k) =

(J(1) J(k))/(k
J(k)/(n k)

1)

(B.1)

The approach of Krzanowski and Lai [122] maximizes KL(k) given by eq. B.2:
KL(k) =

DIF F (k)
DIF F (k + 1)

DIF F (k) = (k

1)

2/p

J(k

(B.2)
1)

K

2/p

J(k),

where p is a dimension of the data which is used for adjustment of DIF F (k).
Hartigan et al. [121] proposed choosing the smallest value of k such that H(k)  10

in eq. B.3. H(k) is e↵ectively a partial F statistic for testing whether it is worth
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adding a (k + 1)st cluster to the model:
H(k) = (n

k

1)[

J(k)
J(k + 1)

1].

(B.3)

Kaufman and Rousseeuw [130] proposed silhouette width as shown in eq. B.4,
measuring how well the ith point is clustered. The term a(i) is the average distance
between the ith point and all other observations in its cluster, and b(i) is the
average distance to points in the nearest cluster, where nearest is defined as the
cluster minimizing b(i). The number of clusters that maximizes the average value
of s(i) is chosen:
s(i) =

b(i) a(i)
.
max[a(i), b(i)]

(B.4)

The Gap approach developed by Tibshirani et al. [125] is described in eq. B.5:
Gap(k) = 1 /B

X

log(Jb⇤ (k))

log(J(k)).

(B.5)

b

In this method, B di↵erent uniform datasets, each with the same range as the
original data, are produced, and the within-cluster variance is calculated for different numbers of clusters. Jb⇤ (k) is the within-cluster variance for the bth uniform
dataset. To avoid adding unnecessary clusters, an estimate Sk of the standard
deviation of log(Wb⇤ (k)) is produced, and the smallest value of k is chosen as the
number of clusters, such that
Gap(k)

Gap(k + 1)

Sk+1 .

Finally, the Jump method proposed by Sugar et al. [124] maximizes the Jump(k)
given in eq. B.6.

Jump(k) = J(k)

p/2

J(k

1)

p/2

.

(B.6)

The transformation parameter p is typically chosen as half of the space dimension.
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Experimental Settings of Synthetic Datasets

The following 5 data arrangements (simulations) was used to test the Curvaturebased method:
• Five basic Gaussian clusters in 2 dimensions. This simulation is designed to
test the performance on basic Gaussian clusters. One cluster is placed in the

middle, and four other clusters are spaced with a separation of 2.5 from the
center cluster in each dimension (see Figure 4.5(a)).
• Five elongated clusters in 2 dimensions. This simulation is aimed at inves-

tigating the performance of the methods when there was some dependence
among the dimensions. Specifically, there is a correlation of 0.7 between the
dimensions. The placement of clusters is the same as in the previous case
(see Figure 4.5(b)).

• Five clusters with di↵erent shapes in 2 dimensions. This simulation is de-

signed to test the e↵ect of di↵ering correlation. The correlations for 5 clusters
are 0.0, 0.7, 0.3, 0.3 and 0.7. The placement of clusters is the same as in the
two previous cases (see Figure 4.5(c)).

• Five Gaussian clusters in 10 dimensions. In this simulation, the perfor-

mance of approaches on highly multivariate data is examined. A basic 10dimensional mixture of five Gaussian clusters is generated. The five clusters
are spaced on a line with a separation of 1.6 in each dimension.

• The last simulation is used to compare the methods on non-Gaussian data.

We generated 4 clusters in 2 dimensions using exponential distributions with
mean 1 independently in each dimension. The clusters were arranged on a
square with sides of length 4 (see Figure 4.5(d)).

All the above-described data arrangements have standard deviations of 1 in each
dimension. In simulations 1

4, the distances between the centers of the middle

clusters and the centers of surrounding clusters are equal to 2.5, 3.0, 2.5 and 1.6,
respectively, in each dimension. Each simulation set consists of 400 observations
equally divided among clusters.
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Initially, for each simulation, 50 datasets were randomly generated. Next, for each
dataset we ran k-Means algorithm with 20 restarts and then applied the Curvature
method and the 6 other methods to estimate the optimal number of clusters.

B.3

Clustering Results on the Real-World Datasets

Table B.1: Experimental comparison (first and second candidates) of Curvature method with six other approaches on 20 real-world datasets. A star (*) sign
denotes the correct results; a plus (+) sign denotes the data sets, which have
two reasonable (alternative) cluster numbers.
Dataset

True number

1st

CH
2nd

1st

KL
2nd

Hartigan
1st 2nd

Silhouette
1st 2nd

Gap
1st 2nd

Jump
1st 2nd

Curvature
1st 2nd

Spectf [164]

2

2*

3

2*

5

6

7

2*

3

9

5

10

9

2*

Ionosphere[2]

2

2*

3

2*

8

8

9

2*

9

9

5

10

9

2*

3
4

Breast cancer [165]

2

8

9

2*

8

10

8

2*

9

7

5

10

8

2*

3

Parkinsons[166]

2

9

10

4

4

9

10

3

3

8

4

10

9

3

2*

Haberman[167]

2

4

2*

4

4

10

9

2*

4

2*

1

7

4

4

2*

Transfusion[168]

2

9

10

9

7

8

10

2*

3

1

4

9

8

8

9

Magic[169]

2

2*

3

5

5

9

10

2*

3

9

5

9

8

2*

5

Musk [170]

2

3

2*

3

9

8

6

3

6

9

5

9

8

3

10

MiniBooNE [138]

2

2*

3

2*

6

9

10

/

/

/

/

2*

6

2*

3

Skin[139]

2

2*

5

2*

7

8

7

/

/

/

/

10

4

2*

4

Hill [171]

2

8

9

2*

3

10

8

2*

3

6

5

3

7

2*

3
3*

Seed [1]

3

3*

2

3*

2

10

9

2

3*

3*

4

8

9

2

Cardiotocography[172]

3,10+

3*

7

2

3*

8

5

2

3*

9

4

10*

9

10*

2

Wine[135]

3

10

9

2

7

8

9

2

3*

1

2

10

9

3*

2

Iris[173]

3

3*

4

2

8

8

10

2

3*

9

5

3*

2

2

3*

Sensor [135]

4

2

3

2

4*

10

9

2

3

9

5

10

9

3

4*

Breast tissue[3]

4,6+

10

9

4*

2

10

9

1

9

4*

5

10

9

4*

2

Vehicle[135]

4

2

6

2

6

9

10

2

3

9

5

10

10

9

2

Winequalityred [174]

6

10

7

2

3

9

7

2

3

1

6*

10

9

7

2

Statlog land [135]

6

3

4

3

4

9

7

2

3

9

5

10

9

3

6*

Appendix C
Proof of Theorems
C.1

Proof of Theorem 5.1.1

Proof. Proof of a⇤ is the optimal solution The gradient regarding each softmax
weight is: r̃wk J(✓) = ⇡✓ (ak )(f✓ (ak )
have:

⇡✓ (ak ) = 0 or f✓ (ak )

Ea⇠⇡✓ [fa ]). Let r̃wk J(✓) = 0, 8k = 1..A, we
Eaj ⇠⇡✓ [f✓ (aj )] = 0, 8k = 1, ..., A.

(C.1)

Based on Proposition C.2, which will be stated shortly, when initialized with
⇡✓ (aj ) =

1
,j
A

= 1, ..., A, the optimal action a⇤ has the highest probability dur-

ing all the gradient ascent iteration steps, i.e. ⇡✓ (a⇤ )

⇡✓ (a).. Since the sum of all

the action probability should be 1, we have ⇡✓ (a⇤ ) > 0. Together with Eq (C.1),
we have
0 = f✓ (a⇤ ) Eaj ⇠⇡✓ [f✓ (aj )]
X
=
⇡✓ (aj )[f✓ (a⇤ ) f✓ (aj )].

(C.2)

aj 6=a⇤

Since 8aj 6= a⇤ , f✓ (a⇤ )

f✓ (aj ), to satisfy the above equation, we have:
⇡✓ (aj )[f✓ (a⇤ )

f✓ (aj )] = 0, 8aj 6= a⇤ .

(C.3)

Based on the second condition on f✓ (a), we have: 8aj 6= a⇤, if 0 < ⇡✓ (aj ) < 1 and

⇡✓ (a⇤ ) 6= 0, then f✓ (a⇤ ) > f✓ (a). Thus, to satisfy Eq (C.3), we have ⇡✓ (aj ) = 1 or
⇡✓ (aj ) = 0, 8aj 6= a⇤. From the Proposition C.2 (⇡✓ (a⇤ )

⇡✓ (aj )) and the fact the

sum of all the action probability should be 1, we have 8aj 6= a⇤ , ⇡✓ (aj ) 6= 1. Thus,
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to satisfy the Eq (C.3), we have: ⇡✓ (aj ) = 0, aj 6= a⇤ .

Proof of convergence To prove that the policy optimization will converge to a⇤ ,

we prove that at each iteration step: ⇡✓t+1 (a⇤ ) > ⇡✓t (a⇤ ) if 9ak0 6= a⇤ , ⇡✓ (ak0 ) 6=
0. From the definition of softmax policy, we have: ⇡✓ (a⇤ ) =
P 1

e wk

w⇤

⌃ak 6=a⇤ ewk

w⇤

1+

ak 6=a⇤

wkt+1 )

(w⇤t

e w⇤ +

⇤
ew
P

e wk

=

ak 6=a⇤

Therefore, to prove ⇡✓t+1 (a⇤ ) > ⇡✓t (a⇤ ), we just need to prove

.

decreases from step t to step t + 1. We have: 8ak 6= a⇤ , (w⇤t+1
wkt ) = ↵rw⇤t J

↵⇡✓t (ak ) · (f✓t (ak )

↵rwkt J = ↵⇡✓t (a⇤ ) · (f✓t (a⇤ )

Ea⇠⇡✓t [f✓t (a)]).

Based on the first condition of f✓ (a), i.e. f✓ (a⇤ )
Ea⇠⇡✓t [f✓t (a)])

Ea⇠⇡✓t [f✓t (a)])

(f✓t (ak )

f✓ (a), 8✓, we have (f✓t (a⇤ )

Ea⇠⇡✓t 1 [f✓t (a)]) and (f✓t (a⇤ )

Ea⇠⇡✓t [f✓t (a)])

From Proposition C.2, we have that during all the iteration step ⇡✓t (a⇤ )

0.

⇡✓t (ak ).

Therefore we have
w⇤t+1
Moreover, based on ⇡✓t (a⇤ )

wkt+1

w⇤t

wkt , 8ak 6= a⇤ .

(C.4)

⇡✓t (a), we have ⇡✓t (a⇤ ) 6= 0 and ⇡✓ (ak0 ) < 1.

Together with ⇡✓ (ak0 ) 6= 0, and the second condition of f✓ (a), we have that
f✓ (a⇤ ) > f✓ (ak0 ). Hence, w⇤t+1
we show ⌃ak 6=a⇤ ewk

w⇤

t+1
wk0
> w⇤t

t
wk0
. Combined this with Eq (C.4),

decreases from t to t + 1. In other words, ⇡✓t (a⇤ ) will always

increase until all the non-optimal actions have zero probability.

C.2

Proof of Proposition C.2

Given a surrogate policy gradient defined as r̃✓ J(✓) = ⌃ak f✓ (ak )r✓ ⇡✓ (ak ), where
ak 2 A = {a1 , .., aA } and ⇡✓ (ak ) =

ewk (✓)
⌃i ewi (✓)

is a softmax exploration policy param-

eterized by ✓ and is initialized with ⇡✓ (ak ) =

1
,j
A

= 1, ..., A. If there exists an

action, which has the highest value of f✓ (a) for any ✓, i.e. 9a⇤ , 8✓, f✓ (a⇤ )

f✓ (a),

then during the all the gradient ascent iteration steps, a⇤ always has the highest
exploration probability, i.e. ⇡✓t (a⇤ )

⇡✓t (a), 8✓.

Proof. At the first step, we have ⇡✓t=1 (a⇤ ) = ⇡✓t=1 (ak ). And it is easy to show
that at the following steps t > 1, if ⇡✓t 1 (a⇤ )

⇡✓t (ak ), then ⇡✓t (a⇤ )

⇡✓t (ak ) as
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follows:
w⇤t = w⇤t
wkt

1

1

+ ↵⇡✓t 1 (a⇤ ) · (f✓t 1 (a⇤ )

+ ↵⇡✓t 1 (ak ) · (f✓t 1 (ak )

Ea⇠⇡✓t 1 [f✓t 1 (a)])
Ea⇠⇡✓t 1 [f✓t 1 (a)])

= wkt , 8k.

The two equalities use the definition of gradient. The inequality, where the main
work happens, uses the property of f (a⇤ ): 8✓, f (a⇤ )
⇡✓t 1 (a⇤ )

⇡✓t (ak ). Therefore, we have 8t, ⇡✓t (a⇤ )

f (a) and the condition

⇡✓t (ak ).
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köhler e↵ect. Journal of personality and social psychology, 79(4):580, 2000.
34, 119
[95] Brandon C Irwin, Jennifer Scorniaenchi, Norbert L Kerr, Joey C Eisenmann,
and Deborah L Feltz. Aerobic exercise is promoted when individual performance a↵ects the group: a test of the kohler motivation gain e↵ect. Annals
of Behavioral Medicine, 44(2):151–159, 2012.
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Boredom, engagement and anxiety as indicators for adaptation to difficulty in
games. In Proceedings of the 12th international conference on Entertainment
and media in the ubiquitous era, pages 13–17. ACM, 2008. 39, 40
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