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ABSTRACT

1

Learning to read and write is a fundamental right and a necessary
skill for the personal, cultural, and economic development of people
and their societies. However, children of developing countries, such
as sub-Saharan areas, are currently at a greater risk of illiteracy.
The current penetration of mobile technologies and the internet in
sub-Saharan rural areas, however, offers a unique opportunity for
tackling the challenge of literacy at a large scale. Motivated by the
current shortage of preschool teachers for training handwriting in
a personalised manner, this paper discusses the design of Djehuty,
an educational gamified environment for preschoolers. Djehuty is
equipped with an artificial intelligence module which generates a
style of handwriting and suggests handwriting paths to the child
in a mixed-initiative manner. The paper presents the key elements
of the game prototype.

According to the World Bank [4], sub-Saharan countries have the
highest population growth rate in the world (currently 2.7% annually). Only one out of four children in these countries, however, is
likely to enroll into preschool [29]. As a result, the literacy rate in
sub-Saharan Africa is currently the lowest in the world [3]. Indicatively, in 2018 only 64% of adults could read and write. Such figures
demonstrate that the Sustainable Development Goal 4 [28]—which
envisages quality education for all—remains a grand challenge in
sub-Saharan Africa. As smartphone usage in these areas is growing
fast [25] thanks to low-cost entry-levels, we believe that designing a
game for mobile devices will have a comparably larger adoption and
direct benefits for improving the writing and reading skills of these
populations. We argue that if the game can assist the handwriting
process, learning to write may happen in a personalized manner.
Motivated by the lack of well trained preschool and elementary
teachers for teaching handwriting to children in rural areas, this
paper introduces Djehuty, a gamified Intelligent Tutoring System
(ITS) that features a mixed-initiative letter generator that assists
preschoolers in learning to write. The artificial intelligence (AI)
system operates in an iterative refinement fashion [20], observing
the way children write a letter and then proposing a new letter
which is closer to the typical way this letter is written. The paper
describes the key elements of the game prototype.

CCS CONCEPTS
• Applied computing → Computer-assisted instruction; Computer games; • Computing methodologies → Neural networks; •
Human-centered computing → Touch screens.
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INTRODUCTION

RELATED WORK

Artificial intelligence has been applied for the purposes of education for 50 years, with intelligent tutors such as Jamie Carbonell’s
SCHOLAR [7]. One of the core goals of AI in education is “to
match the needs of individual students by providing alternative
representations of content, alternative paths through material, and
alternative means of interaction” [31]. Mixed-initiative dialogue
between learner and AI has often been employed for the purposes
of education, including in the case of SCHOLAR. While the exact
nature of mixed-initiative interaction has not been formally defined
[24], we follow the premise of [32] that “both the human and the
computer proactively make contributions to the problem solution,
although the two initiatives do not need to contribute to the same
degree”. Intelligent tutoring systems are the most common applications of AI in education. In her seminal book on ITS [31], Woolf
proposed seven features that a system might have to be considered
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as an ITS: (1) Student modeling, i.e. making an accurate representation of student knowledge, to adapt to student preferred learning
style and enhance learning; (2) Expert modeling, i.e. the representation of the knowledge to teach (e.g. geography, algebra, etc.); (3)
Generativity, i.e. the ability for a system to generate problems for
the student, or given a problem to generate appropriate tips to help
her learn a concept; (4) Mixed-initiative, i.e. the ability for either
the student or the tutor to take control of the interaction to achieve
learning benefits or more engagement; (5) Instructional modeling,
i.e. how a tutor modifies its guidance to improve learning outcomes
for each student; (6) Self-improvement, i.e. the ability of a tutor to
modify its performance based on its experience with prior students;
(7) Interactive learning i.e. a system that is responsive to the student.

2.1

ITS for handwriting

Handwriting teaching technologies have been developed for multiple writing systems: the Latin alphabet [1, 10, 15, 27], Arabic scripts
[5, 12], Bengali alphabet [18], as well as Kanji characters [2, 16, 17].
In this review, we classify ITS in levels based on the number of
features they implement: e.g. an ITS is said to be level 4 if it has four
ITS features. Only works that implemented at least 4 components
of ITS in the context of teaching handwriting were surveyed. In
particular, every system presented below implements interactivity,
interactive learning and student modeling, and the following sections
classify systems by level and highlight their differentiating factors.
2.1.1 Level 4 with expert modeling. In 2002, Ando et al. [2] proposed
a system to learn Kanji writing. The student can draw a Kanji with
the computer mouse, which is compared with the reference model
of 2000 classic characters before a correction is issued. Kanjis are
represented using the three-point approximation that corresponds
to these characters. To evaluate the student, the system compares
the order of lines produced with the reference. The comparison
between student-drawn and template characters was refined by Hu
et al. [16, 17], who represented Kanji with an Attributed Relational
Graph (ARG). This approach could automatically detect errors in
the character plot by associating the student’s sample with the
ground truth directly at the graph level. The system associates and
generates an error description, if necessary. In 2010, Trazo [10] was
introduced for teaching cursive writing to children of pre-school
age (3-4 years) on a tablet. The system has two modules, one for
the child and one for the teacher (for administering and monitoring
the students). The child can exercise in drawing horizontal lines,
vertical lines or simple curves. The system records the child’s path
and measures the stroke size and speed when drawing. Trazo is also
able to compare the child’s drawing with a pre-determined model.
The first ITS for Arabic calligraphy was implemented in [5] and
designed for tablets. It encodes several models through an ARG as
in [17], since it can represent the relationships between the many
plots of a pattern. In 2016, the Arab Kit Tutor [12] was introduced
as an Android application with an interface for both students and
teachers, using a multi-agent approach to analyze the production
of students. In 2016, a web application was introduced for teaching Bengali characters [18]. Several examples of correctly written
characters are stored in memory on the server and constitute the
expert model. The student has the opportunity to follow a guided
learning mode or free learning.

(a)

(b)

Figure 1: Screenshots of learners’ interaction with Djehuty.
(a) Letter selection, showing the learner’s highest score per
letter. (b) The computer generates and animates a letter sample (in green), the user draws (in white) and presses the yellow “star” button to receive a score in real-time.

2.1.2 Level 4 with generativity. Hood et al. reversed the usual pattern of expert feedback on student’s output via a social robot which
heeds student’s advice for improving [15]. The interaction with the
system is as follows: (a) children give a card with a word to write to
the robot, (b) the robot writes the word seen and asks for feedback,
(c) the child provides feedback to the robot via a demonstration, (d)
the robot retries until the user is satisfied. This ITS has an expert
model (a statistical representation of the letters’ shape), while it
can also generate handwritten letters and interact with the child.
2.1.3 Level 5 with expert modeling & instructional modeling. The
handwriting ITS of Albu et al. adapted feedback on the quality of
a student’s production according to their affective state[1]. While
the ITS is used the student’s emotions are classified via their voice
and facial data. A pre-test questionnaire also assesses the student’s
personality. Finally, the quality of letters is compared to the expert
model via Dynamic Time Warping, which computes the similarity
between time series. This allows the tutor to select a pedagogical
strategy adapted to the child’s affective state and skills. Rather than
focus on the student’s emotions, Simonnet et al. [27] attempt to adjust the difficulty of the task. In their tablet-based digital notebook
for handwriting, the student has two types of models to reproduce:
a dynamic model (i.e an animation) or an image. The ITS provides
a personalized correction based on the shape of the letter, the direction, the order of plots, or a combination of the above. Based
on this analysis, the system adapts to the level of each learner by
providing exercises of an adequate level of difficulty.

3

DJEHUTY

Djehuty (better known by his Greek name, Thoth) was the god of
wisdom, writing, hieroglyphics, science and the arts for the ancient
Egyptians. This is the name we have chosen for our interactive
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tutoring system to teach Latin alphabet handwriting to preschoolers. Djehuty is a gamified ITS and it implements three features of
gamified systems [22]: simplicity, feedback and real-time. It is also
a level 5 ITS with a mixed-initiative and a generative component.

3.1

Sample

Draw

User reﬁned
sample

Evaluate
Good

Gamification features

The player’s objective in Djehuty is simple: to reproduce the letter
drawn on the screen as accurately as possible. See Figure 1 for
an indicative playthrough with Djehuty. The steps are: (1) The
player requests the application to write a letter on the screen. The
player can sample many examples of the same letter in real-time,
by clicking on the refresh button. (2) The player tries to replicate
the letter she wants, by drawing on the screen. (3) By clicking on
the star button, the student gets a score in stars. The more accurate
the replication, the higher the score. If the user got more than 3.5
stars, the the next letter is sampled in the style of the user. (4) The
player can retry as many times as she wants, as the AI produces a
new shape for the same letter after a player gets a score; otherwise,
the player can exit to the main menu with the back button. The
goal is to get as many stars as possible in all letters.

3.2

Not good

ITS features

The game content can be likened to the expert model. For Djehuty,
a variational autoencoder (VAE) [19] was trained on an open-source
dataset of letter drawing [21] to build the expert model. Eight letters
are implemented: a, b, c, e, m, p, r, s (see Fig. 1a).
3.2.1 Expert model and generativity. A sketch-RNN [14] is a sequence to sequence VAE that uses a recurrent neural network (RNN)
as the main architecture. The sketch-RNN was designed to learn
sequences of sketches corresponding to people’s drawings such
as birds, fruits, trucks, etc. Djehuty uses a simplified version of
sketch-RNN, with two minor modifications. Gated Recurrent Unit
(GRUs) [8] are used instead of LSTMs to reduce overall model complexity. GRUs need fewer parameters but are competitive compared
to LSTM [8]. Secondly, Djehuty only uses diagonal covariance matrices instead of using full covariance matrices within the mixture
of Gaussian functions. The paper will still refer to the simplified
model described above as Sketch-RNN, as it only differs slightly
from the original implementation. After training, we exported the
sketch-RNN and also the standalone decoder with a latent vector
for each letter, in order to allow multiple scenarios to run efficiently
on the Android system. Generativity provides a desirable difficulty
[6] to learners due to the infinite variations of letters produced
when noise is added to the sketch-RNN’s decoder. Studies have
shown the developmental character of writing [13], as 3-year old
children produce undifferentiated forms, scribbling, wavy lines, and
pictorial representations. Thus we interpret the notion of writing a
letter from the standpoint of a child as a creative process involving
lateral thinking. Lateral thinking [9] is the process of solving seemingly unsolvable problems or tackling non-trivial tasks through an
indirect, non-linear, creative approach. Random stimuli is the main
guarantor of foreignness to stimulate creativity. Indeed, each letter
requested by the player is different. The purpose is to disrupt preconceived notions and habitual patterns of learning, by forcing the
user to integrate and/or exploit each new element in the creation
of its own representation of the letter. By re-framing [32] the way

Figure 2: Mixed-initiative game loop: The user first samples a letter (generated by sketch-RNN) and draws it on the
screen. Her drawing is evaluated based on similarity to the
AI-drawn letter: if the result is less than 3.5 stars then a letter is sampled again (using only the latent space and the decoder). Otherwise the user’s letter forms the input of sketchRNN which produces a version of the letter in the style of the
user, following an iterative refinement approach.
she writes in order to emulate the newly generated variation of the
letter, the learner becomes more adept while also not perceiving
the task as repetitive.
3.2.2 Student model. We evaluate the angular distance between
the student trial and the sample to get a measure of performance.
The angular similarity derives from the cosine similarity between
two vectors. Metrics based on cosine similarity have been used to
compare two objects of the same dimension. Examples range from
speaker recognition [11] to face verification [23].
3.2.3 Mixed-initiative. To a degree, the fact that the computer
proactively generates a new challenge for the learner in the form
of a variation of a letter makes Djehuty a mixed-initiative system.
While the learner chooses which letter to draw, leading the task
initiative [24], the AI proactively refines the task by posing the
specific challenge. More importantly, however, Djehuty is a mixedinitiative system as it accounts for the learner’s input when creating
new letters for her to draw. After the first attempt of a learner to
draw a letter, if her score was 3.5 stars or above then sketch-RNN
uses the learner’s character as input: this means that the AI-drawn
character will be a variation of the learner’s previous character.
As mentioned in Section 3.2.1, two neural network models are
deployed in the Android system for each letter: the sketch-RNN and
the standalone decoder along with a latent vector. When the user
samples another letter variant with the refresh button, Gaussian
noise is injected to the latent vector, and is fed to the decoder which
forms the character. However, if the user’s previous attempt is 3.5
stars or above then the user’s previous drawing is fed as an input
to sketch-RNN that encodes it into the latent vector and decodes
it into a letter matching the user style. As long as the student
performs well, the instruction matches their drawing style but will
revert to the “correct” way of writing letters if the student starts
underperforming. The personalized instruction can invite learners
to interact with the same letter for longer periods, but it does not
rise to the level of instructional modeling as realized in Level 5 ITS
surveyed in Section 2.1.3.

4

DISCUSSION AND FUTURE WORK

A technical limitation of Djehuty is the small dataset used for training. Every letter has only 120 examples written by 60 different
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writers. It appears that some letters exhibit a greater diversity than
others, and the quality of the dataset might not be suitable for a
model supposed to teach handwriting. Likely due to the limited
training corpus, the noise introduced in sketch-RNN sometimes
led to drawings which were somewhat difficult to identify as the
target letter. Moreover, since the user input space is unrestricted,
modeling new letters after the user’s drawing could lead to unexpected results; therefore, the 3.5 threshold was imposed to avoid
using bad input to the decoder. However, training on a larger corpus could improve the compression and we could be more lenient
regarding the student’s input to the sketch-RNN. Moreover, the
educational features and impact of Djehuty should be assessed, e.g.
by measuring gain in handwriting fluency and legibility. Further
comparison with other digital methods of handwriting teaching
will be conducted as performed in [30] and [26], to show the effect
of mixed-initiative on handwriting instruction.

5

CONCLUSION

This paper introduced Djehuty, a mixed-initiative handwriting
game on the Android platform. The system uses a neural network to
produce an infinite variation of letters for children to replicate. Djehuty incorporates gamification features such as simplicity, feedback,
real-time response and ITS features such as interactivity, expert
model, student model, generativity, and mixed-initiative.
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