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Abstract: Dynamic difficulty adjustment (DDA) systems provide users with an optimal level of challenge. Previously,
some studies developed a DDA system that simply adjusts the difficulty up or down according to the number of successes,
only balancing the difficulty to a success rate of 50%. However, setting the difficulty only to a moderate level of 50%
is insufficient since the appropriate difficulty varies depending on the individual and the situation. It is preferable to set
stepwise difficulty levels according to the user’s skill to adjust the difficulty between them and to evaluate the difficulty
setting while considering the psychological aspects of the user. For this purpose, we propose an adaptive difficulty setting
that consists of stepwise difficulty levels (e.g., hard, normal, and easy) adaptive for each user and evaluate it using self-
efficacy with successful experiences. In the experiment, we employ a Kendama game in a VR space where difficulty
can be easily adjusted to objectively and subjectively evaluate the adaptive difficulty setting with one in which difficulty
levels are uniformly fixed for all users. The comparison results for objective evaluations indicate that adaptive difficulty
settings reduce the average error between the target and actual success rates more than fixed difficulty settings, confirming
that the difficulty levels in the former can be set according to the user’s skill. Subjective evaluations demonstrate that
stepwise difficulty levels may be consistent with subjective difficulty levels in the adaptive difficulty setting. Moreover,
we clarify that, in adaptive difficulty settings, there is a strong correlation between successful experiences in imagination
and self-efficacy, which is not observed in fixed difficulty settings. This means that adaptive difficulty settings can be
modified to accurately reflect subjective difficulty levels of the user using a feedback system that utilizes this correlation.
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1. INTRODUCTION
Virtual reality (VR) technology has been widely ap-

plied in the field of games and sports. The exergames
integrating with VR technology have shown promising
results in enhancing user motivation [1]. A key ele-
ment that effectively entertains users in some exergames
is difficulty. According to flow theory, one loses track
of time and sensations and concentrates on a task when
in the flow state [2]. This state is likely to occur when
both the difficulty of the challenging task and the one’s
skill are balanced at a high level. For this reason, many
works presented dynamic difficulty adjustment (DDA)
systems to adjust the balance between difficulty and per-
formance [3][4].

Regarding the DDA approach, many of these systems
were limited to a specific range of difficulties, only bal-
ancing the difficulty to a success rate of 50% [5]. They
followed a strategy that lowers the difficulty when the
user fails and raises it when the user succeeds. However,
some works show that a slightly higher success rate than
50% can increase user motivation and avoid discourag-
ing users by ensuring that they succeed more often than
they fail [6]. In addition, setting the difficulty only to
a moderate level of 50% is insufficient. Some users ex-
pect high difficulty to significantly improve their skills,
while others want to have fun and hope to succeed easily
with low difficulty. In such situations, the DDA system
that can target any difficulty level is significant. Thus,
it is preferable to set stepwise difficulty levels according
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to the user’s skill to adjust the difficulty between them.
When considering the setting of stepwise difficulty levels
that adapt to each user’s skill to realize specific success
rates, we call it adaptive difficulty setting.

If stepwise difficulty levels corresponding to success
rates of 75, 50, and 25% are defined as easy, normal,
and hard, respectively, checking whether the success rate
matches when performing tasks at those difficulty lev-
els is an effective straightforward method to evaluate the
adaptive difficulty setting. However, even if the predicted
success rate matches the actual success rate, it does not
imply that the related difficulty level corresponds to the
difficulty level experienced by the individual. Thus, diffi-
culty settings that support not only physical performance
achievement, but also psychological aspects will be a sig-
nificant component [7].

When considering the subjective evaluation of diffi-
culty setting, we focus on self-efficacy and discuss the ef-
fectiveness of adaptive difficulty setting. Self-efficacy is a
psychological term that refers to the perceived confidence
that one will be able to perform a given behavior in the
future. Bandura pointed out that self-efficacy has been
consistently linked to successful experiences [8]. This
indicates that self-efficacy increases if the difficulty level
decreases appropriately at each lower level in the adap-
tive difficulty setting. For this reason, self-efficacy can be
used to evaluate users’ subjective experiences with diffi-
culty level changes in difficulty settings such as [9].

The objective of this study is to verify the effectiveness
of adaptive difficulty setting by proving the following two
hypotheses: (1) Our method with adaptive difficulty set-
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Fig. 1 Overall system flow to realize adaptive difficulty setting, which consists of stepwise difficulty levels, proposed for
DDA in a VR Kendama game.

ting can accurately predict the success rate at a specific
difficulty level. (2) Adjusting the difficulty level in the
adaptive difficulty setting can affect self-efficacy based
adequately on Bandura’s theory. Figure 1 shows an over-
all system flow to realize adaptive difficulty setting. We
use a stochastic temporal prediction method based on the
Gaussian process dynamical model (GPDM) to construct
the skill model that can capture the correspondence be-
tween difficulty and performance. The skill model can
determine stepwise difficulty levels corresponding to tar-
get success rates for each user, and an adaptive diffi-
culty setting is composed of them. As a sample game
of this method, we employ a VR Kendama (a cup-and-
ball game) task, in which the user tries to catch a ball
with a cup that can change in size depending on the dif-
ficulty. In the experiments, the adaptive difficulty setting
for each user is compared with the fixed difficulty setting
in which the difficulty levels are uniformly fixed for all
users. We use the validity of stepwise difficulty levels
that realize targeted success rates for objective evaluation
and the correlation coefficients between successful expe-
riences (actual and imagined successes) and self-efficacy
for subjective evaluation.

2. MATERIALS AND METHODS
2.1. VR Kendama System

This study deals with VR Kendama as in previous
work [10]. Figure 2 shows the VR system. The VR sys-
tem is based on an original open source project1 devel-
oped using the Unity platform (version 2021.3.5f1). The
user wears a head-mounted display called HTC Vive Pro
Eye and holds hand controllers with both hands (left: vir-
tual hand, right: the Kendama’s sword or “ken”). As
shown in Fig. 2, the user plays Kendama while watch-
ing the projected first-person perspective scene. The posi-
tions and postures of the virtual left hand and the ken are
correlated with those of the hand controllers. The ball,
with a diameter of approximately 6.0cm, is linked to the
ken by a 53cm length string. When the distance between
the ken and the ball exceeds 53cm, a force drawing the
ball toward the ken is generated with a significantly high
spring constant, replicating the physical behavior of the
string.
1https://github.com/y23586/vrchat-misc
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Fig. 2 Overview of VR Kendama system.
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Fig. 3 The variety of cup sizes of VR Kendama accord-
ing to the difficulty levels.

Figure 3 shows the relationship between the difficulty
and cup size of VR Kendama. In the figure, the left-
most one is the easiest level (the largest diameter), and
the second one from the right is the hardest level (the
smallest diameter). The green frame is the collision de-
tection area. As shown in the bottom of the figure, the
green frame is concave like a bowl when viewed from
the side. The green area is not visually indicated in the
VR environment to prevent users from consciously real-
izing their adjustment. In other words, users always see
the original cup size as shown on the rightmost side of
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the figure. The difficulty levels correspond to the cup’s
diameters, and the green area indicates the size of the en-
larged cup (invisible to users). This invisible cup is en-
larged only when the ball fell from above and maintained
its original size of 4.0cm while the string pulled the ball
up. This prevents the ball from colliding with the virtu-
ally enlarged cup during rising, ensuring that the users do
not experience any strangeness.

2.2. Skill Model based on GPDM
Similarly to previous work [10], the personalized skill

model for each user is constructed based on GPDM [11].
GPDM can predict sequences by learning latent represen-
tations (states) in a low-dimensional space and the dy-
namics of the latent states. In addition, the latent state
is stochastically generated as it evolves over time since
GPDM is a probabilistic method that considers the un-
certainty of predictions. This state is expressed by two
functions that follow a Gaussian distribution: a latent
mapping f that projects observations into a latent space
to convert latent states and a dynamical mapping g that
makes the transition of latent states. GPLVM [12] is a
non-linear dimensional compression method that trans-
forms an observed feature xt ∈ RD in a high-dimensional
observation space into a latent state zt ∈ R in a low-
dimensional latent space. GPDM extends this structure
to handle the dynamics of latent state zt and is then de-
fined by

xt = f(zt) + ϵx,t (1)
zt+1 − zt = g(zt) + ϵz,t (2)

Here, ϵx,t and ϵz,t are zero-mean, isotropic, white Gaus-
sian noise processes. Unlike the original GPDM, we con-
sider zt+1 − zt to be the output of the dynamical map-
ping according to [13] to improve the smooth transitions
in the latent space. We can model Eq.(1) and Eq.(2) as
the latent map model and the dynamical map model using
Gaussian processes (GPs), respectively. We use a maxi-
mum likelihood estimation (MLE) to optimize unknown
hyper-parameters of these models under the assumption
that prior distributions follow GPs. Regarding the max-
imization of the negative log-likelihood in MLE, we use
a gradient method known as the Adam algorithm. Ad-
ditionally, we choose the RBF kernel for the latent map
model and the RBF+linear kernel for the dynamical map
model, respectively. A learned model can be used to serve
two distinct functions: (i) map a given new latent state z∗

t

to the corresponding x∗
t in the observation space, (ii) pre-

dict the evolution of the latent state at the next time step
z∗
t+1 given z∗

t . In this way, given an initial state in the la-
tent space, temporal data in the observation space is gen-
erated by repeatedly mapping the state and transitioning
to the next state according to a Gaussian distribution.

2.3. Evaluation Method of Difficulty Setting
We assign different cup sizes for stepwise difficulty

levels. Here, we consider three difficulty levels of hard,
normal, easy as a difficulty setting. In the adaptive dif-
ficulty setting, the cup sizes predicted to achieve 25%,

50%, and 75% success rates using the skill model are
considered adaptive hard, adaptive normal, and adap-
tive easy, respectively. Here, the term “adaptive” means
that three difficulty levels are individually set for each
user.

One significant aspect regarding the evaluation metrics
of difficulty setting is that three difficulty levels must be
adaptive to the individual skill. This aspect is a significant
factor to consider, as adjusting the difficulty level in an in-
appropriate difficulty setting could not affect the success
rate. Obviously, difficulty adjustment in such a situation
is not expected to be effective. For this reason, we use
the validity of stepwise difficulty levels that realize tar-
get success rates (hard:25%, normal:50%, easy:75%)
to evaluate the difficulty setting.

Furthermore, the psychological aspect is equally es-
sential to subjectively assess the difficulty setting, and we
consider the enhancement of self-efficacy when chang-
ing the difficulty level in the Kendama game. We in-
vestigate the relationship between successful experiences
and self-efficacy. Here, successful experiences refer to (i)
actual successes, (ii) successes in memory, and (iii) suc-
cesses in future expectations. The first and the rest are
based on the Bandura and Maddux hypotheses, respec-
tively [8][14].

2.4. Prediction of Cup Sizes Corresponding to Target
Success Rates using Skill Model

We record various physical quantities related to the
ball, cup, and both hands during the Kendama trials.
Here, the observational data for training is the ball’s
relative position seen from the cup, which are three-
dimensional sequential data. We split the observational
data by trial as input for training the skill model de-
scribed in the previous section. Regarding the estimation
of model parameters, we applied an MLE with Adam.
Here, we set the learning rate to 0.001, the number of
training iterations to 12,000 to ensure sufficient learn-
ing convergence, and the dimension of the latent space
to d=3.

The sequential prediction of the skill model generates
a ball trajectory by sampling data with stochastic pro-
cesses. In other words, a simulation of the Kendama
trial is performed using this prediction. The trajectory
of the ball is considered successful when the ball stayed
within the cup. We derive the success rate by multiple
random samplings based on the Monte Carlo method,
which means that the success rate is calculated by the
ratio of successes among the generated ball trajectories.
Here, we set the number of random samplings to 40. Our
method proposed in this study can derive the diameter of
the cup corresponding to the target success rate by captur-
ing the relationship between user performance and task
difficulty, which is different from the method of [10].

2.5. Measurement of Subjective Sense around Self-
efficacy

We employ a questionnaire to measure subjective
senses. Specifically, the measurement targets are self-
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Table 1 Questionnaire to measure subjective senses. Participants are asked to rate their level of self-efficacy on a 7-point
Likert scale for Q1-4 and to write the number of successes for Q5 and Q7.

No. Question
1 If you were asked to increase the success rate of Kendama, do you think you could achieve it?
2 Do you feel that you would be able to cope well with the increased difficulty of Kendama?
3 If you had to do a different kind of juggling action in VR, do you feel you could handle it well?
4 Compared to others, do you think you are more successful at Kendama?
5 How many times were you able to put the ball on the cup in the previous experiment?

If your memory is not clear, a rough count is fine. (Please describe the number of times)
6 How certain do you seem to be of this memory?
7 How many times do you think you can get the ball onto the cup out of 10 tries next time?

(Please describe the number of times)
8 How confident are you in that expectation?

efficacy, the number of successes in memory, and the
number of successes in future expectation. Table 1 shows
the content of the questionnaire. Here, users are asked to
rate their level of self-efficacy on a 7-point Likert scale
for Q1-4 and to write the number of successes for Q5
and Q7. Self-efficacy is evaluated by summing the points
from Q1 to Q4, and therefore the maximum score is
7×4=28.

3. EXPERIMENT
3.1. Procedure

We asked 13 participants (male: 10/ female: 3, 19-45
years of age) who did not have physical problems with
wearing VR devices to play the Kendama game. In ad-
dition, we instructed participants who had no experience
with VR on how to use VR devices and provided them
with some practice time before actual VR Kendama per-
formance.

As described in the previous section, the cup sizes cor-
responding to the three difficulty levels at which the suc-
cess rates are predicted to become 25, 50, and 75% are
assigned by the skill model in the adaptive difficulty set-
ting. We constructed the skill model with training data
from 20 Kendama performance observations, which are
the sequences of relative position between the ball and the
cup. Table 2 shows the diameters of the cup at the three
difficulty levels for each participant. The mark ‘-’ means
the case in which the skill model could not determine the
diameter of the cup, which occurred only in the case of
adaptive easy. The reason for this indetermination is that
the success rate did not increase to 75%, regardless of
how large the cup diameter was in the prediction. Gen-
erally, the more the ball lands on the outside of the cup
in predicting the ball trajectory, the less likely it is to stay
on the cup (not judged as success). In that case, the suc-
cessful ball trajectories concentrated on the center of the
cup, which could lead to the indetermination issue.

In addition, we also used a fixed difficulty setting in
which we empirically determined the cup diameters cor-
responding to the levels hard, normal, and easy, which
are predicted to have success rates of 25, 50, and 75%, re-
spectively, under the condition of equal intervals between
difficulty levels. The three difficulty levels are fixed for
all experimental participants. Here, the fixed hard, fixed
normal, and fixed easy were set to 4, 8, and 12cm, re-
spectively.

Table 2 Cup sizes of VR Kendama in adaptive
difficulty setting. The cup diameters at three difficulty

levels are obtained from the skill model to adapt to each
participant’s skill.

ID Cup’s diameter (cm)
Adaptive hard Adaptive normal Adaptive easy

1 4.6 11.4 -
2 7.4 10.2 13.5
3 4.8 10.6 -
4 3.6 7.5 12.6
5 6.7 8.1 9.8
6 7.7 15.8 -
7 5.8 8.9 18.2
8 3.6 10.2 12.3
9 6.3 8.5 11.2
10 7.9 11.7 14.2
11 6.4 9.4 12.9
12 14.8 16.1 18.6
13 7.7 10.0 -
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Fig. 4 Experimental protocol in the evaluation phase
of difficulty settings. All participants play the
Kendama game in the same experimental conditions
between adaptive and fixed difficulty settings.

Figure 4 shows the experimental protocol in the evalu-
ation phase of the difficulty settings. As shown in this fig-
ure, we calculated the average errors between the actual
and target success rates for each session of 10 Kendama
trials. We also compared the number of successes re-
lated to successful experiences and self-efficacy scores
when decreasing the difficulty level from high to low
in both adaptive and fixed difficulty settings. In other
words, there were two types of difficulty changing: hard
to normal and normal to easy. Note that the order of
three difficulty levels to be set in the Kendama trial was
randomly determined for each participant.

3.2. Result
We compared the adaptive difficulty setting with the

fixed difficulty setting to evaluate their adaptiveness for
the user’s skill. Table 3 shows the actual success rates de-
rived from 10 trials of the Kendama game at the cup’s
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Table 3 Comparison between adaptive and fixed difficulty settings regarding the average error between actual and target
(hard:25%, normal:50%, easy:75%) success rates at three difficulty levels for each participant.

ID Actual success rate (%) Error Actual success rate (%) ErrorAdaptive hard Adaptive normal Adaptive easy Fixed hard Fixed normal Fixed easy

1 0 70 - 22.5 0 20 - 27.5
2 30 50 70 3.3 0 50 70 10.0
3 10 60 - 12.5 10 30 - 17.5
4 10 50 80 6.7 20 70 80 10.0
5 20 60 70 6.7 0 30 70 16.7
6 20 50 - 2.5 0 30 - 22.5
7 20 40 100 13.3 0 40 70 13.3
8 20 60 70 6.7 20 50 70 3.3
9 30 50 70 3.3 0 30 60 20.0

10 10 70 90 16.7 0 0 70 26.7
11 20 50 60 6.7 10 50 80 6.7
12 30 60 60 10.0 0 0 50 33.3
13 30 50 - 2.5 20 70 - 12.5
All 8.7 16.9

Table 4 Comparison between adaptive and fixed difficulty settings regarding the self-efficacy scores at three difficulty
levels for each participant.

ID Self-efficacy score Self-efficacy score
Adaptive hard Adaptive normal Adaptive easy Fixed hard Fixed normal Fixed easy

1 9 13 - 10 12 -
2 10 13 14 6 14 15
3 13 14 - 14 17 -
4 10 15 19 14 17 20
5 14 14 15 13 14 14
6 12 20 - 8 15 -
7 10 12 14 7 12 14
8 18 20 20 8 13 22
9 13 14 16 16 16 18

10 9 15 17 9 12 18
11 14 17 20 16 20 23
12 11 13 14 12 16 22
13 14 16 - 9 15 -

Table 5 Comparison between adaptive and fixed difficulty settings regarding the correlation coefficients of successful
experiences (actual successes, successes in memory, and successes in future expectations) with self-efficacy at three

difficulty levels.

Factor Correlation coefficients with self-efficacy Correlation coefficients with self-efficacy
Adaptive hard Adaptive normal Adaptive easy Fixed hard Fixed normal Fixed easy

actual successes 0.34 -0.02 -0.19 0.13 0.30 -0.02
successes in memory 0.58 0.23 0.03 0.13 0.16 -0.05
successes in the future 0.66 0.60 0.78 0.14 0.20 0.64expectation

diameters corresponding to the levels hard, normal, and
easy in both the adaptive and fixed difficulty settings. As
the success rates are expected to be 25, 50, and 75% at the
levels hard, normal, and easy, respectively, we checked
the errors between the actual and target success rates. The
smaller the error, the more adaptively the difficulty levels
are set for the user’s skill. Here, the mark ‘-’ originates
from the one corresponding to the same participant ID
and difficulty level in Tab. 2. We confirmed that the av-
erage error in the adaptive difficulty setting, which was
within 10pt, became much smaller than that of the fixed
difficulty setting. This means that the GPDM-based skill
model can set the three difficulty levels to become tar-
get success rates even though individuals have different
skills.

We conducted a questionnaire survey after the partici-
pant tried Kendama at each difficulty level and calcu-
lated the self-efficacy score using the questionnaire in
both adaptive and fixed difficulty settings. Table 4 sum-

marizes the results. The result demonstrated that al-
most all the transitions between difficulty levels from
hard to normal and from normal to easy enhanced
self-efficacy. When additionally considering the result of
Tab. 3, increasing the self-efficacy scores and actual suc-
cess rates co-occurred when lowering the difficulty level.
It was unexpected that the self-efficacy score increased
when the actual success rate increased in fixed difficulty
settings. This means that three difficulty levels can be set
in both adaptive and fixed difficulty settings with appro-
priate difficulty differences between them.

As factors associated with success experiences, there
are successes in memory and successes in future expec-
tations in addition to actual successes. Table 5 shows the
correlation coefficients between the number of successes
in those factors and the self-efficacy score in both adap-
tive and fixed difficulty settings. Here, the correlation
coefficients of 0.4 or more are in bold. The result demon-
strated that the number of successes in future expecta-
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Table 6 Comparison between adaptive and fixed
difficulty settings regarding the correlation coefficients

of increase in successful experiences with the
enhancement of self-efficacy when adjusting the

difficulty level.

Factor
Correlation coefficients
with the enhancement of

self-efficacy

Increased
actual
successes

Fixed
hard to normal

0.37

Fixed
normal to easy

0.23

Adaptive
hard to normal

0.25

Adaptive
normal to easy

0.36

Increased
successes in
memory

Fixed
hard to normal

0.35

Fixed
normal to easy

0.22

Adaptive
hard to normal

0.41

Adaptive
normal to easy

0.47

Increased
successes in
future
expectations

Fixed
hard to normal

0.10

Fixed
normal to easy

0.58

Adaptive
hard to normal

0.46

Adaptive
normal to easy

0.75

tions was correlated with the self-efficacy score at all
adaptive difficulty levels, which was not seen in the fixed
difficulty setting. To investigate this correlation in more
detail, Table 6 shows the correlation coefficients of the
increase in successful experiments with the improvement
in the self-efficacy score by reducing the difficulty level
from hard to normal and from normal to easy. Here,
the correlation coefficients of 0.4 or more are in bold. In
both adaptive and fixed difficulty settings, we verified
that there are weak correlations between the increased
number of actual successes and the enhancement of self-
efficacy, which are previously discussed in Tab. 3 and
4. Additionally, the adaptive difficulty setting had strong
correlations between the increase in successful experi-
ences in imagination (successes in memory and successes
in future expectations) and the improvement in the self-
efficacy score compared to the fixed difficulty setting.
This means that, in the adaptive difficulty setting, as the
successful experiences in imagination increase when re-
ducing the difficulty level, self-efficacy is also enhanced,
which supports what Maddux has pointed out as Imag-
ined Experience. We also confirmed that the correlations
between increased successful experiences in imagination
and the enhancement of self-efficacy were stronger than
the correlations between increased actual successes and
the enhancement of self-efficacy in the adaptive difficulty
setting. This means that the increased successful expe-
riences in imagination more influence the enhancement
of self-efficacy than the increased actual successes in the
adaptive difficulty setting.

4. CONCLUSION
In this study, we verified the effectiveness of adaptive

difficulty setting, which is proposed for DDA, in both ob-
jective and subjective aspects in the VR Kendama sys-
tem. The adaptive difficulty setting is stepwise difficulty
levels that reflect each user’s skill using the GPDM-based
skill model, and we showed that they may be consistent
with subjective difficulty levels. In addition, there was
a strong correlation between successful experiences in
imagination and the subjective indicator of self-efficacy
in adaptive difficulty settings. This means that it is pos-
sible to create a feedback system that makes subjective
modifications to the stepwise difficulty levels even if they
do not match subjective difficulty levels for future work.
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