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Executive summary
In this document, Deliverable D4.7 - Working Prototype and Designs (Initial), we describe our current
state of development of an interactive prototype to evaluate AML-model explainability for expressive
gesture typing.
We present an AML-model based on a gesture typing dataset that we collected over several days. In
an expressive gesture typing application, the model is used to provide real-time classification of gesture
information from the user as well as the typing situation. Based on the explainability capability of AMLmodels, the classes and additional information are then mapped to expressive type and color ranges. We
provide brief insights into the development of the types and visualizations used, as well as finish the study
design for the presented prototype.
This deliverable D4.7 - Working Prototype and Designs (Initial) builds on the insights from D4.1 - HumanAML Interaction (Initial), in which we outline AML’s potential for human-centered explainability. It also
includes the results of D4.4 - Interaction Paradigm Methodology (Initial), in which we reported on our
exploratory research into new interaction methodologies for enabling more user-centered human-AML
interaction.
This deliverable will be followed by D4.8. Working Prototype and Designs (Revised), in which we will
continue our investigation into demonstrating creative applications for human-AML interaction.
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1

Introduction

This Deliverable D4.7 - Working Prototype and Designs (Initial), describes the current state of development of our interactive prototype that is designed to evaluate AML-model explainability in the context
of expressive gesture typing.
The objective of the Working Prototype and Design work packages (D4.7-9) is to incorporate the results
from D4.1- D4.6 into concrete interaction and interface concepts, with active participation by users
using a participatory design process [1]. We are primarily interested in creative application areas, which
have the goal of helping both creative professionals and the general public to engage in more creative
expression with technology. We explore how to provide users with an incrementally developed, intuitive
representation of the learning process, by visualizing the results of each step of the algorithm in terms
that the user can understand and manipulate.
This deliverable is the first step toward achieving this goal. Based on our previous work on Expressive
Keyboards [2], expressive gesture typing provides a rich use case for designing novel interaction visuals
and approach in this deliverable. Expressive Keyboard is a smartphone application based on gesture
typing, where, instead of tapping the keys of a soft keyboard, the user glides their finger from letter
to letter to create words. The application explicitly captures individual variation of gesture, identifies
different features of it and maps them to specific output, such as color variation.
The original version of Expressive Keyboard identified three distinct aspects of typing movements —
speed, curviness, inflation, and acceleration — which were assigned to different colors. This enabled
users to modify their visual expression while gesture typing by utilizing rich underlying information.
We presented our preliminary findings with respect to this use case in deliverable D4.4 - Interaction
Paradigm Methodology (Initial), which investigated new visualizations for human-AI explainability and
controllability.
In this deliverable, D4.7 - Working Prototype and Designs (Initial), we present the next version of
expressive gesture typing :
1. incorporates situational information;
2. uses an AML-model trained on realistic data instead of heuristics; and
3. provides an explainable visualization based on the possibilities offered by the AML approach.
This deliverable begins by outlining current knowledge of AML-explainability and gesture typing research.
We describes our method for training an AML-model with gesture typing data to predict current situation
variables such as walking or sitting, as well as expressive variables such as calmness or excitement. In
Section 4, we describe the application we created to help users express themselves more effectively through
gesture typing by leveraging AML-model predictions and explainability. We conclude with an outline of
our planned study, which will be conducted and reported on in a future publication.

2

Background

We start by providing a brief overview of how AML-capabilities can support in machine learning explainability. Then, we summarize the state-of-the-art in gesture typing research, emphasizing the specific
issues related with the explainability and controllability of these systems.

2.1

Explainability

AML-models are algebraic representations in a mathematical model [3]. The foundation of algebraic
machine learning (AML) is a set of essential algorithms that can learn from data. Individual AML

©
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applications for specialized analyses need the use of the AML description language (AML-DL) to construct
embeddings with human-defined limitations. During training, the core learning algorithms continue to
generate atoms until the model learns to distinguish between classes while adhering to the AML-DL
restrictions established by the user. In comparison to machine learning models, such as deep neural
networks, which are acknowledged as less suitable to interpretability and explainability in the context of
explainable AI (XAI) [4], AML models have three possible benefits.
First, AML-models comprise only three layers: inputs – atoms – outputs. Relationships between inputs
and outputs are defined in atoms, which are binary. An atom can be linked to one or more inputs and is
said to be present in an example if at least one of those inputs is present.
Second, when new atoms are created during training, the core AML algorithms ensure that the humandefined restrictions are preserved in the successive binary connections between inputs and outputs that
are learned. As a result, the AML-DL model’s overall integrity is preserved no matter how great the
number of atoms becomes.
Third, AML-DL rules may be linked back to policies that were created by humans. This is critical because
in an AML-DL defined model, it must be clear from the start and throughout what is included and what
is omitted. AML-DL models are interpretable because new atoms formed during training follow the
AML-DL model’s human-defined rules. Such that, humans can deduce how the model generates outputs
from its inputs [5].
However, as AML-models grow in size from tens to thousands of atoms, direct human interpretation
becomes more difficult. This is due to the large amount of time it would take for someone to go over
every single input – atom – output interaction. As a result, we investigate the possibility of widely
used decision tree approaches to aid human understanding of AML models, as explained in Section 3.4.
In this deliverable, we explore the degree to which classification and regression tree approaches can be
used to extract interpretable summary information from human-defined AML models for human-centered
machine explainability.

2.2

Gesture Typing

Many studies on digital writing use machine learning to enhance content recognition, for example, by
predicting the most likely word from context [6] or by enhancing spelling or grammar [7]. This method is
frequently applied in current physical and digital keyboards. In order to produce the ”correct” outcome,
these systems attempt to predict the user’s intent with a high degree of certainty.
In recent decades gesture keyboards became increasingly popular. Gesture keyboards let users enter
text by drawing a line that connects all the letters in a word (i.e., a word-gesture) [8]. Word-gestures
are not unique for each word, but can be robustly matched using a combination of kinematic models,
multidimensional distance metrics, and language models to resolve ambiguities. While researchers have
already leveraged typing variations on physical keyboards, for example to format text [9] or generate
dynamic visualizations [10], this approach is less common for digital keyboards. Gesture typing technique
commonly treats gesture variations as ”noise” and the recognition engine only aims to identify the correct
word. Arguably, gestures may also contain as rich information as in handwriting, and thus open a
potential opportunity in conveying situational information or intent to enhance communication.
Instead we ”recycled” the gesture-typing variants in our past work on Expressive Keyboards and transformed them into rich output like parametric text [2] or emojis [11]. Other studies in this field, such
as TapScript [12], have developed dynamic handwriting-like fonts based on touch-typing variations and
smartphone rotations. Users reported being able to recognize situational alterations (such as those caused
by walking) just by simply looking at the dynamic output created by TapScript.
However, a common issue is how to make gesture expression more explainable and controllable by the
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user. When mapping input features to output characteristics, there is generally a tension between typing
accuracy (typing the correct word), explicit control of expressive features, and less controlled situational
variations (i.e., walking while typing) [12, 2]. Our work on Expressive Keyboards explored explicit user
control over three gesture features (curviness, gesture typing speed, and inflation) [2], and found that
users were more successful in producing the desired output characteristics when they focused on how the
output looks like (e.g., make the text green) compared to if they were given explicit instructions related
to the gesture features (e.g., draw a curvy gesture). However, to achieve a desired output, users had to
learn and explore different input gestures in a more trial-and-error approach. We apply dynamic humanAI interaction for gesture typing in the prototype presented in this deliverable to facilitate deliberate
control through explainable features, allowing users to focus on the output characteristics while reducing
trial-and-error efforts.

3

Algebraic Machine Learning Approach

In AML-models both classes and inputs are represented by discrete constants. Atoms connect input
constants to output ones, and are learned during the training by the core learning algorithms [3] based
on training data and formal knowledge provided. An atom is said to be present in an data point if at
least one of its input constants are present in the atom. By analyzing the atoms present for each class
model, we can perform classification.
In this Section we will explain how we can use AML to detect intention and situation, starting from the
raw gesture coordinates that are used to compute relevant features, which then are fed as input to AML
models. We then describe our approach to evaluate and interpret the AML-model output.

3.1

Gesture Data Collection

To collect gesture typing data that included intentional and situational variations, we conducted a withinparticipant study where each participant gesture typed several phrases over five different days. We
systematically varied the conditions based on two factors: 1) intention (quickly but accurately and exaggeratedly but accurately); and 2) situation (sitting and walking). The quickly condition might realistically
be found in the typical gesture typing behaviour, while the exaggeratedly might be found in the behaviour
when the users tried to deliberately control the variations. As the study included transcription tasks (i.e.,
participants copied a prescribed text), it is important to choose memorable words and how to present
them, to avoid participants switching their visual attention back and forth between the phrase and the
keyboard [13]. Hence, we chose eight words from the 100 commonest English words1 , so that 1) all words
consisted of four characters and three gesture segments that included a combination of straight lines,
acute angles, and/or obtuse angles (as deemed important in [2, 14]); and 2) the word set included similar
numbers of verbs, adverbs, adjectives, and prepositions. The final word set consisted of ’find’, ’flag’,
’last’, ’life’, ’over’, ’that’, ’time’, and ’with’.
3.1.1

Participants & Apparatus

We recruited 11 participants (3 women, 8 men, all right handed) from the university, mostly young adults
(22-42 years old, mean age 24) who use QWERTY keyboards in their daily lives. Only one participant
frequently used the gesture keyboard, seven tried it once but never uses it, while the rest never used it. We
used two LG Nexus 5X to run a custom Android application displaying a working gesture keyboard with
a QWERTY layout. To avoid the impact of learning effects on participant behaviour, the word output

1 https://web.archive.org/web/20111226085859/http://oxforddictionaries.com/words/the-oec-facts-about-the-language
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was masked with asterisks as done in [15, 16]. We logged the timestamp, the (x,y) gesture coordinate,
and the final word output. In total, we collected 11 participants x (4 conditions x 8 words x 8 replications
x 5 days) = 11 x 1280 data point = 14080 word gesture data.
3.1.2

Procedure

During the first session, we present the informed consent and then collect the participants’ demographic
data. We then introduce gesture keyboards and let the participants try it out as long as they like
(around 5 minutes). Participants hold the phone with their right hand and gesture type with their right
thumb. Each session consists of four blocks, each with a specific instructions: ’exaggeratedly while sitting’,
’quickly while sitting’, ’exaggeratedly while walking’, or ’quickly while walking’. For the sitting condition,
participants sit on a chair in a calm room. For the walking condition, participants walk in the corridors
of a private building, to make sure that they can gesture type while walking safely (e.g., minimum risks
of running into traffics or falling down), but still need to pay attention of their surroundings (e.g., other
people or furniture in the building). For each trial, we display three words from the word set that the
participants should gesture type as if they were a phrase. The trial ends when participants lift their finger
after gesture typing the third word. The order of the four blocks are counter balanced across participants
and days. We also consider all possible combinations to choose 3 words out of 8 in the word set within
each session. Each session last approximately 40 minutes, repeated over five days of the participants’
choice (mainly 1 day apart, up to 3 days).

3.2

AML model

Based on the data collected, we convert gesture typing as a classification problem where we distinguish
between the varied conditions. More specifically, we train one model to distinguish between intention
(quickly or exaggeratedly) and another one for the situation (sitting or walking).
In this Section we explain how we go from raw gestures coordinates to relevant features that are then fed
into an AML model, whose embedding and classification approach we will also detail. We show results
obtained with this approach and compare them to other machine learning algorithms and discuss briefly
current work on the explainability of AML models.
3.2.1

Pre-processing and Feature Calculation

From the android application we receive a sequence of x and y screen coordinates. Those are resampled
for consistency and then used to calculate features. Regarding those, we focused on the ones subjects
can more easily understand (and control).
• The curviness of the sequence.
• The speed in the x and y directions.
• The acceleration in the x and y directions.
For each of these we compute their mean, minimum and maximum for each word. For those time series we
employed a Savitzky-Golay filter of the appropriate order in order to smooth the data without distorting
the overall signal tendency. To the temporal filter we also added the size of the sequence, meaning
16 = (5 × 3) + 1 features per word.
3.2.2

Discretisation and AML Embedding

Regarding embedding, we used a simplified version of the one developed in D5.1, which expresses the
notion of ordered intensity of each value.

©
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As AML is based on Discrete Mathematics, so we need a strategy to discretize the data. In our case a
simple approach was used, where each feature was divided into 16 bins using clusters obtained by the
k-means algorithm.
We define for each feature 30 = 2 × (16 − 1) constants separated into two sets of 15 constants each, one
set for “lower or equal” constants and another set for “greater than” constants. A total of 10 × 30 = 300
constants are used to describe the input and another 2 constants are used for the output, which represents
exaggeratedly and quickly when training for intention and sitting and walking when training a model to
recognize the situation.
For each feature f , the 30 constants associated to the feature are le0,f , le1,f , ..., le14,f and g0,f , g1,f , ..., g14,f .
The formal knowledge we want to express is the notion of intensity, which we will represent as ordered
sets
lei+1,f
lei,f
gi,f
gi+1,f

≤ lei,f
̸≤ lei+1,f
≤ gi+1,f
̸≤ gi,f ,

(1)
(2)
(3)
(4)

forming one ascending chain and one descending chain for each feature. The goal is embedding the
discretized feature values reading which corresponds to an intensity, i.e a numerical value and, therefore,
represented as an ordered set in a discrete system.
Each training example can be represented as a vector r(s) corresponding to the s = 0, ..., 10 discretized
feature readings for a subject and one output value k representing the output. For each training example,
a term T was created representing the problem input:


le0,s
r(s) = 0 

T = ⊙s ler(s),s ⊙ gr(s)−1,s 0 < r(s) < 15
(5)


g14,s
r(s) = 15
and the training example was embedded with the positive relation
Ok ≤ T

(6)

and 1 negative relation expressing that when some word belongs to one intention / situation it does not
belong to the other,
Ok′ ̸≤ T.
(7)
The complete theory we have used to embed the gesture typing intention / situation recognition problem
then consists on how training data is labelled, Eqs. 6 and Eqs. 7, and the formal knowledge relations
Eqs. 1.
3.2.3

Classification using AML

In this deliverable we employed the classification approaches developed previously in D5.1.
The first method consists on calculating, for each output class j, the average of the false positive and
false negative ratios (F P Rj (m) + F N Ro (j))/2 as a function of the number of misses m in the validation
dataset. The misses cutoff value Λj for the output class j is the value of m that minimizes F P Rj (m) +
F N Rj (m)
Λj = argminm (F P Rj (m) + F N Rj (m))
©
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The assigned output class can then be calculated with the help of the cutoff Λj as


m(T, j) − Λj
output(T) = argminj
,
|Mj |

(9)

where |Mj | is the number of atoms in the model.
The second method computes, for each output class j, the probability to belong to the positive class
given the observed number of misses m(T, j), pj (+|m). This distribution pj (+|m) can be calculated from
the measured distribution of misses in the positive class pj (m|+) and the measured distribution of misses
pj (m|−) in the negative classes using the validation dataset as
pj (+|m) =

pj (m|+)pj (+)
.
pj (m|+)pj (+) + pj (m|−)pj (−)

(10)

Using this conditional probability we can compute which is the output class of the example T as
output(T) = argmaxj pj (+|m(T, j)),

(11)

where po (+) and po (−) were considered both equal to 1/2, reflecting the fact that we are going to have
no information on the actual distribution of classes in a test set.
An advantage of the second method is that a confidence level for the output class assignment can be
calculated in a quite straightforward manner.
The third method does not require labels in a validation dataset. It consists of comparing the cumulative
distributions of misses for models of different output classes in the validation set
m(T,j)

q(T, j, E()) =

X E(m)
,
E
m=0

(12)

where E(m) is the number of validation set items that produce m misses and E is the size of the validation
set, i.e. the number of test set items. Once the cumulative distributions are computed, the predicted
class for an example T in the test set is selected with:
output(T) = argminj q(T, j, E()).

(13)

meaning that we select the class with the best score according to the validation set’s statistics.

3.3

Evaluation and Results

In order to evaluate the overall performance of the AML approach we have performed a leave one user
out procedure, that is, for each subject we trained with only data from all others and tested on only that
subject’s days. In our case, we use the first day of the test user as validation set and all further days as
test days.
We explored the AML approaches for classification described in Section 3.2.3, that is, AML using learned
cutoffs (AML-th), AML using the probability distribution of misses (AML-ptp) and AML using the
cumulative distribution of misses (AML-cm). In the case of standard machine learning algorithms,
validation data was used for hyperparameter search.
Results for the AML approach, as well as other classic machine learning approaches can be seen in Figure
1 for intention and Figure 2 for situation. As we can see, AML approaches show competitive results
with other standard machine learning approaches. Moreover, AML-cm can in some cases beat standard
machine learning approaches even if it does not use the labels in the validation set.
©
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Intention Classification
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Figure 1: Results for the leave one subject out procedure for predicting intention (quickly versus exaggeratedly). Methods used with AML for prediction include using learned cutoffs (AML-th), AML using
the probability distribution of misses (AML-ptp) and AML using the cumulative distribution of misses
(AML-cm).
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Situation Classification
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Figure 2: Results for the leave one subject out procedure for predicting situation (sitting versus walking).
Methods used with AML for prediction include using learned cutoffs (AML-th), AML using the probability
distribution of misses (AML-ptp) and AML using the cumulative distribution of misses (AML-cm).

3.4

AML-model Explainability

An AML model can have orders of magnitude more atoms than features. For example, with our 16
features, models can reach around 250000 atoms per class. Each atom can be easy to interpret individually.
For example, one of the learned atoms is simply max(curviness) ≤ 1.49, that is, this atom is present if
this simple condition is fulfilled. On the other hand, some atoms include more conditions (being present
if any of them is fulfilled) that can include many of the features.
While we found that the number of atoms increases with training time, looking manually at even hundreds,
even more thousands, of atoms for each decision is not feasible. One needs to present such information
in a way that can be understood and controlled by users of the system. Thus, we need a classification
method that does not rely on the number of atoms missing, but to the values of specific features,
The key idea is that not all atoms are relevant in a classification decision. For example, some atoms
may always be present, or always be present when some other two atoms are present. Thus, in our first
attempt we started by converting each example from the feature space to the atom space, that is, we
convert every example to a vector x where
(
1, if atom i is in x
xi =
0, otherwise
for atoms of both classes.
This was done for all examples in the validation set, as we want to find the most discriminatory atoms
for unseen data. This atom space representation can then be converted into a decision tree using the
CART algorithm [17], limiting its height so that said tree is easier to interpret. An example can be seen
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in Figure 3. In this case the maximum depth of the tree was set to 3. If allowed to go deeper, the tree
starts including atoms related to more than one feature, which makes the figure too cluttered.
(
Yacc__mean > 0.17
) <= 0.5
samples = 768
value = [384, 384]
class = exaggeratedly

(
curviness__length 39.2
) <= 0.5
samples = 501
value = [176, 325]
class = quickly

(
Yacc__minimum -10.
) <= 0.5
samples = 238
value = [132, 106]
class = exaggeratedly

samples = 82
value = [19, 63]
class = quickly

samples = 156
value = [113, 43]
class = exaggeratedly

(
curviness__maximum 1.49
) <= 0.5
samples = 267
value = [208, 59]
class = exaggeratedly

(
curviness__minimum > 0.00
) <= 0.5
samples = 263
value = [44, 219]
class = quickly

samples = 236
value = [29, 207]
class = quickly

samples = 27
value = [15, 12]
class = exaggeratedly

(
Yacc__mean > 0.96
) <= 0.5
samples = 121
value = [71, 50]
class = exaggeratedly

samples = 88
value = [41, 47]
class = quickly

samples = 33
value = [30, 3]
class = exaggeratedly

(
Yspeed__maximum > 6.56
) <= 0.5
samples = 146
value = [137, 9]
class = exaggeratedly

samples = 4
value = [1, 3]
class = quickly

samples = 142
value = [136, 6]
class = exaggeratedly

Figure 3: Example of a tree as potential alternative to previous classification approaches. Each node
represents one atom with its listed set of presence criteria (one is enough for it to be included). In this
case the maximum depth of the tree was set to 3. If allowed to go deeper, the tree starts including atoms
related to more than one feature, which makes the figure too cluttered.
While in this specific example we could reduce substantially the amount of information one needs to
analyze for a prediction, this is not guaranteed, as an important atom could span more than one feature,
complicating the visualization and making it harder to translate the representation to something the user
can control.
Thus, we are studying other more explainable representations that preserve the structure of the algebraic
model, but still allow for a simpler understanding of which features influence the overall decision. For
example, by constructing a tree where each node is a single feature split that maximizes the number of
yet unseen atoms it will reach at each side of the split.
We are also working on adapting other other methods such as SHAP[18] to explain predictions of the full
AML model.
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4

Situated Gesture Typing Application

Based on the AML-model and explainbility results, we created a mobile application to investigate the
explainability potential for creative situated expression using gesture typing. We first discuss how the
AML-model outputs are mapped to the expressive outcome and how we designed the explainability
visualization to help steer the outcome. We then describe how we built the current state of the application
and describe the procedure participants use in the study.

4.1

Mapping

To enable situated expressive typing, we consider two characteristics of gesture typing: the writing
situation, i.e. walking or sitting, and the way users write, i.e. calm or exaggerated. These are classified
using explainable features of the gesture input, as detailed in section 3.2.1. To distinguish the impact of
gestures in terms of locomotion and expressiveness, we selected two distinct visualization forms for the
different elements: font and color styles. Both expressive typefaces were designed in collaboration with a
professional typeface designer, Olivier Nineuil, as part of this project.
Writing situation: Based on the classification result, we map the class sitting to an elegant font, which
can be associated with taking time to write someone. We then translate the confidence level of the
AML-model for this particular class to the intensity of the font itself as seen in Fig. 4.

Figure 4: Intensity 1, 4, 7, and 10 of the sitting font
Similarly, we map the class walking to a more active font. The misalignment of letters and angles increases
with intensity giving it a nearly jumpy nature, which we consider well suited to visualize movement
situation. We also translate the confidence level of the AML-model to the intensity of the font itself as
exemplified in Fig. 5.

Figure 5: Intensity 1, 4, 7, and 10 of the walking font.
Writing style: We chose two opposing colors to express the current expression based on the style classification. We provide blue color for calm gesture typing behavior, which is generally associated with a
relaxed mood, stability and strength [19]. As with locomotive detection, we transfer the AML-confidence
level for writing style to color intensity, as illustrated in Fig. 6.
Finally, we chose a red color spectrum to represent exaggerated, perhaps a bit chaotic hand gestures. In
©
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Figure 6: Intensity 1,3,5, 7 and 10 of the calm color range
color theory, red represents passion, energy, but also anger, according to [19]. As with the classification
of calm style, we translate the AML-confidence level for writing style to the red color intensity, as seen
in Fig. 7.

Figure 7: Intensity 1,3,5, 7 and 10 of the exaggerated color range
These mappings update the written text in the application as the user is typing (see Fig. ??). How to
steer these mappings to a desirable outcome is explored using various explainability visualizations, as
discussed in the following subsection.

4.2

Visualization

Based on our findings in D4.4 - Interaction Paradigm Methodology (Initial), we compare two types of
explainability visualizations: explicit and implicit. We describe the visualization approaches related to
these two dimensions briefly, but direct the reader to D4.4 - Interaction Paradigm Methodology (Initial)
for further information on these findings. Since both visualizations are currently in development, there
is no visual accompaniment for their descriptions at this time.
Explicit Visualization directly exposes the input feature dimension, i.e. the features considered by the
algorithm for classification. In the context of previous research results from the Expressive Keyboard
study [2] input emphasis was deemed most effective in adapting gestures to express the desired outcome,
but it was also deemed one of the most challenging aspects to understand and manipulate. Hence, we exploit the AML-model interpretability to support the understanding and manipulation of input parameters.
We use a ’Gamut range visualization’, as suggested in D4.4 - Interaction Paradigm Methodology (Initial),
to demonstrate the features involved in the classification at their real-time level dynamically.
Implicit Visualization is strongly linked to the user’s perspective and experience. One important aspect
is to concentrate on the system’s output, which has been shown to help users perform better in expressive
typing [2] and is more intuitive to understand than input features. Users, on the other hand, had to learn
and experiment with different input gestures in a more trial-and-error approach in order to produce the
desired output. We use dynamic implicit visualizations, similar to the ’Visualization Space’ presented
in D4.4 - Interaction Paradigm Methodology (Initial), to support deliberate control through explainable
features, allowing users to focus on the output characteristics while reducing trial-and-error efforts.
Both visualizations are integrated into the application’s user interface such that they are in the user’s
peripheral vision while gesture typing. The study described in section 5 is designed to investigate and
compare both visualizations.
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4.3

Prototype development

We built upon our earlier work in Expressive keyboards by creating
a custom Android application that runs on an LG Nexus 5 (Android
5.1) smartphone. This displays a non-interactive Wizard-of-Oz (WOZ)
keyboard that is the same size and shape as a standard QWERTY
English keyboard. We use the keyboard evaluation technique described
in detail in [16], where the WOZ keyboard collects gesture coordinates,
which are then fed to a word-gesture recognizer similar to a normal
gesture keyboard. This approach allows us to collect more data and
features compared to normal keyboards.
The raw position data are streamed to the AML-model, which in return
provides values of the features used to predict the recognized class (see
Section 3.2.1), as well as the prediction itself and its confidence level for
this recognition. The application then maps these features to expressive
forms of type and style, see section 4.1. The data are further used to
visualize the explainability features included in the interface.

4.4

Application Walk-through

The situated gesture typing mobile application that maps input gesture features to a continuous output parameter space, specifically RGB
color. Furthermore, a dynamic font engine enables us to continuously
interpolate between several typefaces, resulting in a variety of fonts
Figure 8: Interaction with siturepresenting situational movement during gesturing. Users can change
ated gesture keyboard
their gestures deliberately while maintaining accuracy to generate specific colors and fonts as they move and gesture-type.
This section describes the process of interacting with the application:
1. The user picks up the phone and launches the “situated typing” application.
2. The user follows a realistic scenario in which he or she begins gesture typing a message to a particular
person in their contact list (see Fig. 9). Next, the user sees a prompt related to the current study
condition (see Fig. 10).
3. As the participant gesture types the text, the phone collects gesture features, including: x and y
position, current timestamp, and current word ID, which are sent to the AML-model.
4. After classifying the gesture, the AML-model returns the classes for locomotion and style, as well
as the confidence of the class based on the controllable features.
5. The application adapts the font to the locomotion class and the text color to the style class, so that
the intensity is proportional to the confidence level (see example Fig 8)
6. The features themselves are displayed using the currently selected visualization type.
7. Since the features are averaged across a whole word, any user adaption modifies the classification,
making it easier for the user to control.
This interactive approach enables the user to 1) better understand what features the AI considers, 2)
how these features effect the current output, and 3) how to adjust them to get a more desired outcome.
The interpretability of the AML-model allows for more than just generic information about the class; it
also allows for visualizations of the value of interpretable features, their impact, and explanation of how
adjustments might impact the overall output.
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Figure 9: Examples for real world application of Expressive Keyboards

5

Study Methodology

We have designed a study to investigate the potential of AML explainability for situated typing. The goal
of the study is to determine whether 1) AML-based explainability improves controllability of expressive
gesture typing overall; 2) explicit or implicit explainability visualizations better support controllability;
and 3) AML-based explainability allows users to maintain control of gesture typing in use, without
disturbing their creative flow.
We plan to conduct a [3x2x2] experiment, using a within-participant
design, followed by an open task to assess participants’ preferences.
The first factor (explainability) has three levels:
1. baseline (no explainability)
2. explicit explainability
3. implcit explainability
The second factor (locomotion) has two levels:
1. sitting
2. walking
The third factor (expression) has two levels:
1. calm
2. exaggerated

5.1

Procedure

The experiment will last approximately one hour. Participants will be
Figure 10: Task prompt
asked to follow a talk aloud protocol, where they describe their intentions and actions as they draw each gesture. The session is organized
into four main tasks, each of which include the four combinations of locomotion and expression conditions. At the end of each task, participants answer questions and fill out a short Likert-type questionnaire
about their experiences with each task.
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Tasks: Participants begin with an initial practice session where they try using the gesture-typing technique until they feel comfortable. They then perform Task 1, which acts as the baseline in which participants receive the application with writing prompts but no explainability visualization. Tasks 2 and 3
are counterbalanced for order across participants. Task 2 provides explicit visualizations, whereas task 3
provides implicit visualizations to guide the system toward the desired outcome. Participants conclude
with task 4, which is open-ended i.e. participants are free to use any visualization they want for any text
they want, as shown in Fig. 9.
Conditions: Each task includes four separate activities with distinct but equivalent prompts, including
two levels of locomotion: walking and sitting; and two levels of expression: calm and exaggerated. Participants in the sitting condition sit in a chair and hold the phone comfortably in their left hand, allowing
them to perform all gestures with their right index finger. Participants in the walking condition are encouraged to move freely while typing. As shown in Fig. 10, the task description includes both locomotion
conditions (walking and sitting) and both expression conditions (calm and exaggerated ).

5.2

Data collection

We will collect both quantitative and qualitative data.
Quantitative data:
We will record raw log data from the application during each condition, including the x and y positions
of the finger, the word ID, and interaction data i.e. clicking particular keys such as enter, or delete. This
will allow us to compute additional statistics, including words per minute and time per task.
Qualitative data:
We will video record participants’ descriptions of their thoughts and actions during the tasks. We will also
collect their responses to the questionnaire and open-ended interview questions about their experiences
with each type of visualization, their level of control and their satisfaction with their results.

6

Conclusions

This Deliverable D4.7 - Working Prototype and Designs (Initial) describes the current state of our interactive prototype, which is designed to evaluate the explainability of AML models in the context of
expressive gesture typing.
We describe our data collection procedure, the AML-model parameters, and the approach for explainability of the resulting model. We continue to describe our prototype and how AML-model features can
be mapped to explainability visualizations. Finally, we present our research methodology for evaluating
the explainability potential of AML for situated gesture typing.
The objective of this deliverable is to show how AML-models can be used in creative applications.
Our focus is on how to design human-AI interactions that increase explainability and controllability
when interacting with an AI model based on AML’s unique capabilities when compared to other MLapproaches. We intend to conduct the proposed experiment within the next month and expect to gain
new insights into the fundamental concept of human-centered explainability. The final paper about
AML-explainability for expressive gesture typing will be submitted to a major HCI conference.
This deliverable will be followed by D4.8. Working Prototype and Designs (Revised), in which we
will report on the findings of the proposed study as well as our lessons learned. We will continue to
investigate new approaches for human-centered AML explainability for creative applications in future
deliverables.
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