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List of Acronyms
Abbreviation / acronym

Description

ASC

Autism Spectrum Case

CGDLC

Career Guidance Distance Learning Case

CLS

Cloud-based Learner’s Space

DSS

Decision Support System

EE

Experience Engine

ES

Experiencing Service

HTL

Heterogeneous Transfer Learning

ITC

Industrial Training Case

ITS

Intelligent Tutoring System

LA

Learning Action

LAM

Learning Action Materialization

LG

Learning Graph

LGE

Learning Graph Engine

LM

Learning Material

LPR

Learning Profile Repository

MEC

Mainstream Education Case

PMLDC

Profound and Multiple Learning Disabilities Case

SA

Simulated annealing

SC

Sensorial Component

SIFT

Scale-Invariant Feature Transform

SLA

Smart Learning Atom

TL

Transfer Learning
Table 1: Definitions, Acronyms and Abbreviations
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Project Description
MATHISIS is a 36-month duration project co-funded by the European Commission Horizon 2020
Programme (H2020-ICT-2015) under Grant Agreement No. 687772. It started on 1st January 2016.
One of the core objectives of MaTHiSiS project is to enhance learning environments and make use of
computing devices in learning in a more interactive way, which will provide a product-system to be
used in formal, non-formal and informal education. An ecosystem for assisting
learners/tutors/caregivers for both regular learners and learners with special needs will be
introduced and validated in 5 use cases: Autism Spectrum Case (ASC), Profound and Multiple
Learning Disabilities Case (PMLDC), Mainstream Education Case (MEC), Industrial Training Case (ITC)
and Career Guidance Distance Learning Case (CGDLC).
MaTHiSiS product-system consists of an integrated platform, along with a set of re-usable learning
components (educational material, digital educational artefacts, etc.), which will respond to the
needs of a future educational framework, and provide capabilities for: i) adaptive learning, ii)
automatic feedback, iii) automatic assessment of learner’s progress and behavioural state, iv)
affective learning and v) game-based learning.
Within MaTHiSiS, an innovative structural tool of learning graphs is going to be introduced to guide
the learner through the process of learning in the given scenario. To reach a learning objective,
learner will have to “follow the path” of the learning graphs, built up on Smart Learning Atoms, which
are certain learning elements that carry defined learning materials.
To ensure barrier free integration in the market, MaTHiSiS makes use of a range of interaction
devices, such as specialized robots, mobile devices and interactive whiteboards. The consortium
ensures easy-to-use solution with e.g. specialized graphical editor-like tool, allowing to easily create
educational materials as well as the reusability within both mainstream education and vocational
training setups.
Objectives of the project
A Cloud-based Learner’s Space (CLS) will be developed to provide a system for
adaptation/personalization in learning, interaction, data acquisition and analysis as well as content
creation on the fly. This is a core component of the MaTHiSiS system which includes 3 crucial
subsystems which create an innovative smart learning ecosystem: i) the experience engine (EE), a
graph-based interactive storytelling engine, that manipulates interactive content that is later sent to
a device of tutor’s/learner’s choice; ii) the learning graph engine, responsible for adaptation of the
Learning Graph based on learner’s behaviour and interaction; iii) the Decision Support System (DSS)
providing and collecting learning analytics and controlling synchronous and asynchronous interaction
between devices. To ensure constant educational flow and augmented learner engagement, the
emotion recognition and context aware cognitive/behavioural status extraction tools are introduced
within the system addressed by the Sensorial Component (SC).
For the purpose of validating MaTHiSiS approaches in learning environment, a set of Smart Learning
Atoms (SLA) is going to be created for defined use cases. Such SLAs will adapt to each learner in a
different way based on her/his particular needs, profile, cognitive affective state, relevance to
specific learning requirements and previous performance. Further, an editor-like tool is introduced to
be able to transform educational material into MaTHiSiS Learning Materials usable by SLAs through
Learning Actions (LAs). The learning graphs then are going to be deployed to interact with the CLS as
well as some front-end tools for tutors and caregivers to enable creation, editing and authoring of
the learning contents and learning experiences.
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MaTHiSiS will support learning across a variety of learning contexts and, with the use of a variety of
devices (robots, interactive whiteboards, mobile devices and desktop/laptop computers), with
personalized and adaptable, time and location independent learning paths, being transferred
between the agents, always taking into consideration best knowledge and practices learnt from the
previous device.
By the end of the project, MaTHiSiS will introduce a marketable innovation, aimed at the re-usability
of educational and training content and fostering the interactivity between technology and
learners/tutors/caregivers.
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Executive Summary
This document presents the work done in MaTHiSiS during the first period of the lifetime of Task 6.3:
Synchronous Collaboration among platform agents and Task 6.4: Asynchronous Collaboration among
platform agents (January 2017-December 2017). These tasks encompass the procedures to manage
the synchronous collaboration (multi-learner setting) and the asynchronous collaboration
(knowledge sharing among different platform agents).
The first task, synchronous collaboration, explores the multi-learner scenario, trying to benefit from
the advantages that this kind of learning process offers. Among these benefits we could highlight the
importance of social interaction and the development of shared understanding among learners. To
that end, it is important to define a set of minimum requirements such as:
•
•
•

Learners must clearly perceive that they are involved in a team effort, collaborating with
other peers
Learner must be able to help or to be helped by other peers
Help received and provided must be quantified

Furthermore, this document includes the initial set of interactions to be tracked in order to quantify
the help received/provided during these sessions. Moreover, a first learning material has been
implemented in order to allow the deployment of collaborative scenarios using different types of
platform agents (namely, mobile devices, computers and interactive whiteboards). Finally, this task
also includes the modelling of the interaction of the learners when they collaborate with a peer. This
modelling will establish different parameters that will provide helpful information to the teacher to
decide the learners to participate in subsequent collaborative learning scenarios.
On the other hand, asynchronous collaboration pursues the objective of facilitating the re-usability of
MaTHiSiS components through the transfer of knowledge among platform agents. To that end,
transfer learning techniques have been implemented in order to allow the easy addition of new
sensorial component modalities by using data from well-known modalities. The addition of new
sensorial component modalities through the user interface designed will also enable the integration
of new platform agents which could include sensors not considered in MaTHiSiS. Finally, a
questionnaire has been designed and distributed to teachers in order to analyse their user
experience while they interact with different types of platform agents. The analysis of the answers
will be reported in the next version of this deliverable and will help teachers make decisions on the
type of platform agents to be added to the learning environment.
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1. Introduction
1.1 Document context
D6.4 Synchronous and asynchronous collaboration among platform agents is the first deliverable of
Task 6.3: Synchronous Collaboration among platform agents and Task 6.4: Asynchronous
Collaboration among platform agents. This document constitutes the first of a set of two deliverables
which must report the work performed in these tasks (along with D6.5 which is to be submitted by
September 2018). The work presented in this deliverable corresponds to the synchronous (multilearner scenario) and asynchronous (knowledge sharing for knowledge re-usability among PAs)
collaboration.
As part of the first task, the necessary components to enable the multi-leaner scenarios are
presented (such as the new functionalities implemented in the Decision Support System, the
Learning Graph Engine and the development of a collaborative serious game). On the other hand, the
mechanism to facilitate the integration of new sensorial component modalities into the MaTHiSiS
platform is described.
It must be emphasized that the current work will be improved during the third year of the project to
extend the supported capabilities. The feedback that MaTHiSiS collects through the trials will be
exploited.

1.2 Document structure
This document is organised into the following chapters:
Chapter 2 presents the theoretical background and the analysis of the benefits of the collaborative
scenarios in learning environments.
Chapter 3 reports the activities done in task 6.3. The technical implementation undertaken in order
to enable the collaboration among platform agents including tracking of interactions and
mechanisms to provide/ask for help are presented. Moreover, the first learning material
implemented is described.
Chapter 4 reports the activities done in task 6.4. The activities include the first implementation of
transfer learning techniques and a plan for the integration of this functionality in the platform in
order to facilitate the addition of new Sensorial Component modalities in the future making use of
the knowledge sharing.
Chapter 5 presents the overall conclusions.
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2. Theoretical analysis of collaboration
In educational research and developmental psychology, there has been a move away from seeing the
learner as a lone individual to recognising the importance of social interaction and seeing learning as
a distributed process [1]. One of the theoretical underpinnings of the MaTHiSiS project is the
sociocultural learning models of Vygotsky and his concept of the Zone of Proximal Development
(ZPD). Collaboration is key to the ZPD. In Luckin’s words “Learning is a process in which a learner’s
ability to perform with assistance is of more interest than their ability to perform as an individual.”
[1] (page 37). Collaboration is often interpreted as between a teacher or more experienced learner
and a less experienced learner. However, such collaboration would also be possible between two
learners of similar experience. Authors in [2] describe this as the companion to an educational agent.
Luckin goes on to explain that participants develop a shared understanding through the use of
mediating tools. These tools can take a variety of forms such as a book or physical objects but much
of the current work on sociocultural learning focuses on the role of information technology.
Although technology is often primarily seen as a way for learners to keep in touch while they work on
the same task it can also help them engage in knowledge building activity and in sharing the same
visualisation of a task. Many writers cite the promotion of collaborative learning as a by-product of
the incorporation of electronic technology into education. This is in spite of the fact that much
educational software is designed for individual use and frequently learners work in pairs purely
because of shortage of equipment so that they are forced to share a computer as well as one input
device such as a mouse. That these peer learning activities are beneficial is never questioned.
Additionally the actual nature of collaboration or the mechanism by which it might be achieved is
never elaborated. In contrast, some writers have attempted to describe exactly what collaboration
could look like. According to [3], three types of peer based instruction need to be distinguished: peer
tutoring, cooperative learning and peer collaboration. These approaches differ in the equality and
mutuality of peer engagements that they tend to foster. Equality means that both parties in an
engagement take direction from one another rather than one party submitting to a unilateral flow of
direction from the other. Mutuality means that the discourse in the engagement is extensive,
intimate, and “connected”. Peer tutoring, therefore, is relatively low on equality and varied on
mutuality. Co-operative learning, where responsibility for mastering the task is divided up between
the learners, tends to foster peer engagements that are high on equality and variable on mutuality,
with the variability in mutuality likely ranging from low to moderate, depending upon the degree of
task subdivision, cooperation or competition, and reward structure.
In peer collaboration, a pair of relative novices work together to solve challenging learning tasks that
neither could do on their own prior to the collaborative engagement. Unlike peer tutoring, the
learners begin at roughly the same levels of competence and unlike cooperative learning, at all times
they work jointly on the same problem rather than individually on separate components of the
problem. Therefore, peer collaboration is both high on equality and high on mutuality.
Similar definitions are adopted by Kerawalla et al [4] who describe collaboration as ‘‘a co-ordinated,
synchronous activity that is the result of a continued attempt to construct and maintain a shared
conception of a problem’’ (page 235). This is distinct from co-operation, which they define as ‘‘the
division of labor among participants […] where each person is responsible for a portion of the
problem-solving’’. Rather unhelpfully, Johnson [5] described cooperative learning as “the
instructional use of small groups so that students work together to maximize their own and each
other’s learning” (page 6). This illustrates the variation in the use of the terminology and the
frequent failure to define exactly what activities constitute the different types of peer learning.
According to Kerawalla et al [4] the distinction between collaboration and cooperation is critical
although the terms are frequently used interchangeably in the HCI literature. The aim should be to
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promote collaborative behaviours but with learners with low levels of cognitive ability and learners
with autistic spectrum conditions, promoting any prosocial behaviours would be beneficial.
A somewhat different categorisation of peer learning was described by Boyle et al [6] who designed a
multiuser collaborative game using gestural interaction to provide autistic children with a means to
build, practice and consolidate their joint attention skills. The game itself is a simple, block building or
tower game for two players. The authors describe three different collaboration patterns:
•
•
•

Passive sharing pattern: users engage with their own objects, using visual attention skills to
identify their assigned block and follow patterns of play as demonstrated by the avatar.
Active sharing pattern: users begin to select from shared resources (blocks from a shared
pile); moreover, users have to understand turn taking in order to select their own block for
use.
Active sharing and joint performance pattern: users must build on their turn taking skills to
assist each other in building the tower, it is expected that they will shift attention from their
own blocks to the other player’s block either when prompted by the game narrative or by
each other.

Those promoting collaborative learning talk almost exclusively about main stream learning, so many
of the activities and competencies they are attempting to promote are frequently those that special
needs learners are still struggling to achieve. For example, writers talk about construction, sharing,
critiquing and revision, reciprocal discussion. In the studies by Cartwright [7] and Kerawalla et al [4],
the two learners were encouraged to talk to resolve any disagreements they may have in the
categorisation of the words. This would not be possible with learners where one or both may have
no or limited verbal ability.
Jenkins et al [8] interviewed 21 mainstream teachers to ask them how co-operative learning benefits
special education and remedial students. They used Johnson et al.’s definition of co-operative
learning. Teachers thought it helped a wide range of learners but the authors state that “the efficacy
picture for cooperative learning with special education students remains cloudy” (page 280). The
three most frequently cited benefits, each mentioned by more than half of the respondents (52%)
were self-esteem, the security that comes from being part of a group, and higher success rates
and/or better products. This glowing account of the benefits of collaborative learning in special
education has to be tempered by two provisos. First, the teachers were from mainstream schools
and may have only had a small number of remedial learners or learners with special educational
needs. It is not clear exactly what the ability levels of these learners were and how big the gulf was
between them and their peers. Secondly, 10 of the teachers specifically mentioned special and
remedial education students who were less successful in cooperative learning. This was either
because of social or behaviour problems, difficulty sustaining attention, low motivation or moderate
and/or severe cognitive disabilities. Teachers did try to include these learners by either making
modifications like pairing with a more able partner, changing the task so that both students could do
it or providing more teacher intervention. However, sometimes they just removed them from
situations in which cooperative learning was taking place.
O’Connor and Jenkins [9] found that in successful cooperative learning groups, members made
adjustments for special education students. This could be by taking over difficult parts of the task,
demanding participation, modelling performance, giving corrections or providing encouragement.
However, successful cooperation is not guaranteed. O’Connor and Jenkins found that fewer than half
of the students with learning disabilities were successful in cooperative learning probably because
their peers were not making effective accommodations for them. Similarly, Beaumont [10] reported
that only 40% of helping episodes involving students with disabilities were successful (i.e., enabling
the student who requested help to proceed with a task). Reviewing these results, Jenkins et al
conclude that “betting on teammates to provide effective instructional support for special and
remedial education students is anything but a safe wager”.
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Even those working in mainstream education conclude that merely putting learners in groups or pairs
will not guarantee collaboration let alone a boost in learning. Blumenfeld et al [11] acknowledge that
learning from peers in cooperative or collaborative groups is complex and difficult to achieve. The
first consideration here is the assumption that learners will automatically become more involved,
thoughtful, tolerant, or responsible when working with others. In fact, there is considerable and
disturbing evidence that students often do not behave prosocially. If not handled correctly,
dysfunctional interactions can occur between learners such that low achievers can feel stigmatised
and differences in status can be exacerbated. Managing interpersonal relations can detract from
learning. One suggestion is to give learners pretraining in the skills required for cooperation for
example, listening and resolving conflicts, appreciating the skills and abilities of others.
A second consideration is that giving help is not straightforward and conventionally is the
responsibility of the teacher. It may not come easily to a peer. Collaborative learning involves both
giving and seeking help and it is believed that help-giving can benefit not only those receiving it but
also those giving it. However, help givers can feel frustrated. They may not know how to help
effectively and may require special training to learn how to elaborate their thinking such that it
benefits their partner. Their partner may not be aware that they need help nor seek it when needed
because they believe that needing help indicates incompetence. They may not know how to ask
questions that identify their problem, or they may be unable to make use of help they receive. In
order to benefit from the help they get, it must be timely, elaborated, comprehensible, cogent, and
must be correct to avoid reinforcing misconceptions. The help giver may not have the experience or
skills to provide this.
Finally, the success of collaboration depends on the nature of the task and what the learners think
the task is about. Learners who believe that the task is to develop mastery are more likely to engage
in meaningful collaboration than those who have been led to believe that the goal of the task was
performance, i.e. to demonstrate their ability or expose their lack of ability [1] (page 31).
There are ways to overcome the problems outlined above but none can be applied as a recipe [11].
Rather, the ways to overcome these problems must be adapted to the unique circumstances of
learners, curriculum, and context. One approach may be to manipulate the situation by introducing
rewards that promote interdependency.
However, perhaps the most important manipulation for the focus of the MaTHiSiS project on those
with intellectual disabilities is the provision of scaffolding to encourage the learners to collaborate.
The scaffolding could be provided by a teacher but can also be promoted by the software and the
interface design. It is important to assert here the difference between scaffolding provided by the
software and scaffolding or support provided by a peer that is facilitated by the design of the
software or interface. An intelligent tutoring system (ITS) is a computer system that aims to provide
immediate and customized instruction or feedback to students, usually without requiring
intervention from a human teacher [12]. Students who are familiar with ITS will accept the prompts
and cues provided by the software as part of the whole package. For peer based learning, it is
important that the student is aware that assistance is being provided by a peer even if they are not
based in the same physical location. This way, social behaviours such as turn taking and reflection
can be encouraged.
Kerawalla et al explored the effect of the interface on children‘s use of resources outside the
software, namely their partner who, in this case, was in the same physical location as them. Their
interface design (Separate Control Of Shared Space: SCOSS) permits separate control over an
identical version of the task for each child, within their own private screen space, that is visible to
both participants. This makes it possible for each child to engage with the task because:
•
•

each child can control only their own task elements with their own mouse;
the provision of separate input devices enables simultaneous control of both sets of task
elements;
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•
•

the display of each child’s task state on the screen means agreement and disagreement are
made visually explicit and that children can use this to resource discussion and thinking and;
children can be required to agree with each other by clicking their own ‘we agree’ button
before they can proceed.

Children worked in pairs with a less able child paired with a more able peer so as to maximise the
opportunity for collaborative scaffolding [13]. In this work, 32 pairs of children were presented with
12 words, one at a time. In each round, the words simultaneously varied on two dimensions: a
semantic dimension (e.g. they were either types of animal or types of weather) and a surface feature
dimension (e.g. they contained either four or seven letters). Children had to work out how the two
rules applied to the different sets of 12 words and to sort the words into a 2x2 array. Each word was
presented in a “word pool” box. Each child used their mouse to drag it into one of 4 different
coloured boxes. If they agreed they could select the Agree button on their screen.
The study compared a single user interface which allowed access to a single representation of the
task to the SCOSS where each child had their own workspace. In both conditions they had their own
mouse. Sessions were video recorded and analysed for the children’s interactions. When using the
single interface they were more likely to behave in unproductive ways (e.g. one partner dominating,
undoing the work of the other). When using SCOSS, the children did not always talk about their
actions but the authors report that there were examples of productive collaborations (e.g. pointing
to the boxes on their partners’ representation of the workspace). An example illustrates what might
occur when a child, or a pair of children, lack the social and/or domain skills to collaborate
effectively. Some children were poor readers and asked their partner to read the words and to
explain the task. When a partner was not willing to do this, it resulted in the less able child having no
alternative but to copy their more able partner. This example suggests that the SCOSS interface alone
cannot directly mediate the content and/or social dynamics of collaborative conversation. Luckin
concluded that without further scaffolding it could not guarantee collaboration nor influence the
quality of the collaboration [1] (page 70).
This conclusion is borne out by the only published study of an evaluation of collaboration and
cooperation in children with intellectual disabilities. Pareto [14] produced three versions of a game
originally presented as a card and board game. One ran on an ordinary computer, one on an
Interactive whiteboard and the third on an augmented reality 3D cinema at a regional science centre.
The game was designed to target conceptual understanding in arithmetic, such as the meaning of
addition, and higher-order cognitive skills, such as reasoning and strategic thinking. It was intended
to serve as an alternative for students with mathematical difficulties or intellectual disabilities.
Players are presented with a selection of integers represented by coloured blocks or boxes of
different heights. For example, ones are flat red boxes, tens are orange boxes marked with a single
zero. In one game the players have to find a pair of numbers matching the target sum, for example
seven. One solution is to take a five from one side and two from the other. The game is described as
being collaborative and encourages players to reason and discuss alternatives.
The evaluation involved eight students with moderate to severe intellectual disabilities working in
groups of three to four with a teacher and sometimes an assistant. Some played in a pair with a
teacher. The author reports that the idea of collaborating was the most difficult aspect of the game
with students proclaiming “I won” and being corrected by teacher “the two of you got a star”. In
spite of this, teachers thought the students would benefit by being encouraged to work together and
at the end of the study reported gains in communication and collaboration skills in particular peer to
peer collaboration. One more able student was happy to act as a tutor offering advice such as “are
you sure or would you like to look at the cards again?”. However, the general conclusion was that the
majority of the students needed scaffolding and guidance in order to progress. This parallels the
conclusions of researchers working with children with ASC. Battocchi and colleagues [15] indicate
that children with ASC required more support and encouragement from teachers or therapists during
the initial phases of using collaborative or cooperative games.
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Pareto did not elaborate on whether the scaffolding would come from a teacher or could be
provided by the software. Solutions based on the latter are suggested by the notions of scripts. In
order to help the collaborative process, a scripted approach can be incorporated into the software.
Scripts are sets of instructions with both epistemic and social aspects [1] so that both the task and
the ways in which learners interact to achieve its completion are provided for. Micro scripts prompt
learners to respond and macros scripts provide a model of the sequence of activities for the group or
pair.
Given the paucity of empirical or descriptive work on those with limited cognitive abilities, MaTHiSiS
provides us with an opportunity to explore not just the ability of the MaTHiSiS system to enhance
what the learner can do unaided but to examine how peer interactions might enhance the learning
process. Analysis of the wealth of data that are automatically collected by MaTHiSiS will provide
quantifiable data to identify what interactions take place and when they are more likely to occur.
There are obviously several challenges:
1. Given the lack of social skills in learners with PMLD and ASC in this project, true collaboration
in the sense used by Kerawalla et al [4] may not be possible. The ambition may be limited to
encouraging any prosocial behaviour.
2. Scaffolding is essential. Following the micro script approach of Dillenbourg and Hong [16] will
be the most appropriate because we will only be providing very limited options for
collaborative actions.
3. While Kerawalla et al. emphasize that in order to promote collaborative opportunities, it is
important for all participants to have access to all task elements simultaneously; the
requirement for a particular level of scaffolding by learners may limit this, especially in early
stages of exposure to collaborative situations (particularly in learners with PMLD and ASC).
4. The nature of MaTHiSiS is that the presentation of learning material depends on the
determination of the individual’s state of affect. Determining affect and task difficulty with
two learners working in collaboration, presents a whole new set of challenges.
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3. Synchronous collaboration among platform agents
3.1 Introduction
Exchanging experiences with peers during learning is a very important pedagogical technique. The
collaboration between learners with different learning profiles and records implies a new studentstudent relationship (in contrast to the traditional, student-teacher one) where both students benefit
from each other (asking one another for information, evaluating one another's ideas, monitoring one
another's work, etc.).
For MaTHiSiS to construct a robust collaboration strategy, a new method of adaptation will be
needed to maximize the learning experience. In that case, in contrast to the “solo” learning
experience, the method must consider not only the profile of both learners involved in the activity
such as initial level of knowledge about the current learning activity but also their affective state and
the performance from previous interactions. This strategy will adapt the level of difficulty of specific
social learning action to maintain both learners in the proper affective state and improve the learning
experience. Grasha-Reichmann has enumerated a learner’s role in a collaborative learning
experience [17], [18] as ‘avoidant’, ‘participant’, ‘competitive’, ‘collaborative’, ‘dependent’,
‘independent’. These roles can be recognized and used to coordinate compatible learning groups or
learning pairs that best nurture successful peer-to-peer scaffolding opportunities.
Research around the use of learning environments to support collaborative learning identifies
positive impact on students’ learning, however Dillenbourg and Schneider [19] identified that
depending on the activity the learning environment may need to be regulated by the tutor. Rovai
[20] identified that as students work collaboratively they are co-constructing knowledge and
supported in becoming independent, self-directed learners.
In this section, the personalization and adaptation mechanisms utilized in collaborative learning
experiences are described. To that end, a more comprehensive update of the learners’ competence
(represented as SLA weight in MaTHiSiS context) has been implemented. This development is
focused on the achievement of the benefits offer by this kind of learning scenarios.
Technically, the personalization and adaptation mechanisms are analogous to the ones implemented
in task 6.2 (for further information, refer to [21]). Nevertheless, in the case of collaborative scenarios,
data from all the learners involved in the learning experience must be considered in order to
maximize the global affective state and performance. The flow of a collaborative (synchronous)
experience has been implemented as follows:
•

•
•

•

Firstly, the individual SLA weights per learner are calculated. This parameter is computed
using the method implemented in task 6.2 (based on performance in previous sessions and
users profile). These values are updated using the same technique applied for the
personalization mechanism in individual scenarios, as described in the deliverable D6.2 [21].
Then, the Learning Graph Engine (LGE) performs a parallel optimization of the individual
Learning Graph Instances (LGIs) of collaborating learners in the same space. Section 3.2
includes further information.
Then, a common configuration in terms of level of difficulty (materialization of the SLA
weights) is provided. The intention is to establish the appropriate SLA weight to provide the
most suitable learning content which will lead to the maximum level of engagement (global
engagement for all the learners interacting with the learning content) and improve the
performance of the learners and therefore, their competences.
Once the learning session begins, the adaptation mechanism will support the proper
adjustment of the learning content using a probabilistic technique to approximate global
optimization (online optimization algorithm). Again, the goal is to maximize the global
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•
•

engagement, deploying appropriate learning content based on the competences and current
affective state of every learner involved in the activity.
In order to perform the adaptation, the first step consists in the calculation of the desirable
SLA weight per learner based on current affective state and information from previous
interactions. The complete process is described in Section 3.1.
Finally, these updated (and “peer-independent”) SLA weights will serve to update the whole
learning graph through the LGE, applying the technique described previously (and extended in
Section 3.2).

Finally, it is worth mentioning that, in order to start the implementation of this kind of scenario, the
first approach uses web-based learning materialisations. The decision was made since web-based
LMs can be easily deployed in most of the PAs involved in MaTHiSiS (namely smartphones, tablets,
IWB and computers).
Based on the background provided by pedagogical experts (see Section 2), an initial plan for the
implementation of collaborative learning scenarios was proposed, trying to be in line with technical
and pedagogical requirements. From the pedagogical point of view, two major expectations were
highlighted:
1. Learners must clearly perceive that they are collaborating with other peers in order to
reach positive objectives of this kind of scenarios
2. Learner must be able to help or to be helped by other peers
3. The amount of help received and/or provided must be quantified
Sections 3.3 and 3.4 describe the requirements followed to implement the collaborative scenario and
the configuration and communication channel used to materialize it while a description of the first
collaborative LMs implemented in MaTHiSiS platform is presented in Section 3.5.

3.2 Decision Support System (DSS)
Initially, as mentioned above, the personalization and adaptation mechanisms are analogous to the
ones implemented in task 6.2. However, since the study of specific parameter per each collaborative
scenario, taking into account different combinations of learners, is not feasible, and in order to
achieve the most appropriate affective state of all the learners involved in the learning experience,
some changes were introduced.
In this sub-section the methodology followed to allow the DSS to handle the first steps of adaptation
in the case of the collaboration scenario is presented. In the Deliverable 6.2 [21] the mechanisms
deployed in the task 6.2 was described. Those techniques are based on data gathered for training
and tuning the personalization and adaptation mechanisms (association rules or Matrix
Factorization). However, due to the high variety of learner’s combinations during the collaboration
scenario, it becomes unfeasible to gather data for training these algorithms properly. In that case, it
was decided to replace the algorithms applied to update the SLA weights in “solo” scenarios by an
on-line (on the spot) algorithm which will not require extra training data. Then, the whole learning
graph will be tailored based on not only the individual learner but also the peers interacting in real
time with him/her (see Section 3.2 for further information).
For the first approach, and with the intention of evaluating its correct functioning, simulated
annealing (SA) [22] was implemented to perform the first steps in the adaptation process. SA is an
online optimization algorithm (refer to Section 3.1.1 for more information), which goal is to maximize
the energy function of the learners (learners’ affect states). The steps (REST API calls) that are
performed in order to update the SLA weights in the collaboration scenario to take place are identical
with ones presented in D6.2 annexes [21].
Once the corresponding SLA weights are updated, the LGE is triggered in order to update the
complete Learning Graph based on convex optimization of the LGs' Laplacian eigenvalues as
described in Section 3.2.
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It is important to note that the steps of the personalization process performed by the DSS is
analogous to those applied in individual learning scenarios and it is extensively explained in D6.2.

3.2.1 Implementation
To implement the first steps which lead to the adaptation of the learning content in collaborative
scenarios, MaTHiSiS has implemented an optimization algorithm. Simulated annealing is an algorithm
designed to approximate the best possible solution (not necessarily the best one) for an optimization
problem. There are many optimization algorithms, including hill climbing, genetic algorithms [23],
gradient descent [24], Particle Swarm Optimization [25], among others. Simulated annealing's
strengthen point is that it avoids getting locked into a local maxima - solutions which are the best
solutions in the narrow neighbourhood, but are not the best in a global sense. An example of this
problem is presented in Figure 1. In the x-axis, all the possible solutions of an optimization schema (in
terms of the adaptation mechanism, all the possible SLA weights) are represented. The y-axis shows
a value which quantifies how good each solution is considered, according to a fitness function which,
in that case, can be expressed as an energy function (calculated based on the learner’s affective
state).

Figure 1: Example of an optimization problem

In general, most of the optimization algorithms purpose is to locate or approximate the best solution
by firstly, creating a random initial solution and afterwards, seeking all the possible solution in the
near neighbourhood. If the algorithm finds a near solution in which the fitness function is superior to
the current one (greater value), this solution can be considered better and the algorithm should
continue the exploration from that point. If not, the solution remains in the current value. The main
drawback of this approach is that it could possibly lead to solutions where only a local best solution is
chosen. An example of this problem is shown in Figure 2. In that case, it could be considered the
green star a final solution. However, this value represents a local best solution while the global
maximum to the specific optimization problem is marked by using the yellow star. Applying some
classic algorithms, the method could find the local maximum (green star) and it won't consider other
regions since all of the neighbouring solutions are worse. This is referred to the literature as “stuck in
a local maximum” problem. Simulated annealing fuses some randomness to the solution with the
purpose of escaping local maxima, avoiding the aforementioned problem, regardless the starting
point (Figure 3).
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Figure 2: Global and local best solutions

Figure 3: Process followed by simulated annealing to “escape” from local maximum

The simulated annealing algorithm was inspired from the process of annealing in metallurgy and
material sciences. Annealing is a heat treatment which involves heating and cooling a material with
the purpose of altering its physical and chemical properties due to the changes in its structure. In
simulated annealing algorithm, a variable called temperature is used to simulate this heating process.
Temperature variable is initially set to a high value and the algorithm allows it to slowly reduce (or
'cool') while the algorithm runs. When this variable is high, the algorithm is more likely to accept
solutions that are worse than the current one. This gives the algorithm the ability to avoid local
maxima. As the temperature parameter decreases, the probability of accepting worse solutions is
also reduced. Thus, the algorithm gradually targets in a most limited set of possible solutions in
which hopefully, a close to maximum solution can be found. This gradual 'cooling' process is what
makes simulated annealing algorithm remarkably effective for finding a close to maximum solution
when dealing with optimization problems which contain numerous local maxima. The algorithm is
based on the following steps:
1. Firstly, the system should calculate a random solution
2. The fitness function (an evaluation of how good is the solution) needs to be calculated for
that solution. In our case the fitness function applied is the representation of the affective
state using an energy function
3. The system should, calculate a neighbouring solution, and calculate the fitness function for
that solution
4. If the new fitness function is greater than the previous one, then this new solution is
considered better than the previous one
5. If not, the algorithm calculates a probability of accepting the new solution
6. Temperature parameter is decreased
7. Steps 3 to 6 are repeated until temperature decreases below a predefined threshold
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The acceptance probability for the new solution is calculated using the following formula:
𝛼𝛼 = 𝑒𝑒

𝑓𝑓(𝑛𝑛𝑛𝑛𝑛𝑛) −𝑓𝑓(𝑜𝑜𝑜𝑜𝑜𝑜)
𝑇𝑇

where f(new) and f(old) are the new and previous solutions, while T is the variable called
temperature which is gradually decreased every time a new solution is calculated (T = λ*T, where λ is
a parameter which defines the decreasing factor). Therefore, for the collaboration scenario,
simulated annealing algorithm replaces Matrix Factorization, since it does not depend on training
data that is necessary to build the latter.
The code is available at the DSSlib 1 folder in GitLab.

3.2.2 Future improvements
As future improvements, refinement of the aforementioned algorithm is considered. Based on
several tests to be performed in subsequent phases of the project, this method will be validated and
adjusted according to experts’ suggestions and requirements.

3.3 Learning Graph Engine
Graph-based adaptation in multi-learner settings will take into account parallel optimization of the
individual Learning Graph Instances (LGIs) of collaborating learners in the same Learning Experience
space. To this end the LGE will compute LGI node weights that will maximize knowledge uptake for
all collaborating learners simultaneously, enabling the learners to capitalize on each other’s
knowledge and skills beyond the traditional paradigm (e.g. asking for help, monitoring one another’s
progress). This will be achieved by balancing the shared Experience’s challenge level and individual
learners’ engagement by maintaining node weights with each learners’s personal Learning Graph
Instance (LGI) at a proximate level where all learners are still enabled to collaborate, while at the
same time taking into account individual accomplishments or challenges.
For example, we consider a cooperative scenario with two collaborating learners, where one
learner’s skills are already higher or are progressing faster than the second learner’s skills, who might
be struggling and stalling behind. LGI adaptation will attempt to balance skill acquisition levels so that
convergence of progression over the LG that both learners are working on, to the optimal state is
fastest for both learners at the same time and node weights are optimized to ensure balanced
Learning Material selection through the Experience Engine (EE).

1

https://gitlab.atosresearch.eu/ari/mathisis/tree/develop/Back-end/DSSlib
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Figure 4: Collaboration with small variation in skills

Figure 5: Collaboration with large variation in skills

Figure 4 and Figure 5 exemplify the concept of this strategy for a cooperative scenario, where two
collaborating learners have a small and a large variation in skills respectively. In both cases, the
strategy aims to bring both learners to a more enabling, actively collaborative learning experience
by trying to maintain proximity in skills, thus maintaining proximity in challenge levels.
In the scenario described in Figure 4, the learners have a small variation in skills between them in the
experience they are collaborating. However Bill is marginally better, and based on his progress he
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was about to move on activities of the ‘hard’ challenge level 2, while Ted is still on the ‘medium’ level.
Since their progression is so close, the adaptation balances their weights so that Bill is still
maintained for the next iteration of the learning process on the medium level, and Ted is pushed a
bit forward so that he is challenged to move to the hard level faster.
In the scenario described in Figure 5, the learners have a wide gap in skill acquisition. Bill is very good
and acquires rapidly the skills he is training for, heading towards the hard level of activity challenge,
while Ted is struggling a lot and is still at a novice level. Skill adaptation cannot balance them
completely, since brining Bill down to the novice level will likely cause boredom, while pushing Ted
too hard to move forward will likely lead to him being frustrated. Therefore, adaptation will try to
retain Bill at a level where he can reinforce his learning without being bored, while waiting for Ted to
potentially arrive at an equal experience, and will try to pull Ted a little bit forward, but avoiding to
overwhelm him. Materialization of this state will depend on the nature of LMs available for this
session, and the decision of which materialization to follow depends on the EE. However in a
scenario where the activity to be undertaken can be of different levels while still collaborative (e.g.
solving the same logical puzzle with less/more system help and hints), this example would be
materialized at the medium (instead of hard) level for Bill, and at the easy level for Ted, however
bringing him a step closer to the medium level.

3.3.1 Implementation
Implementation of this strategy is an extension of the individual graph-based personalization and
adaptation strategy described in Deliverable D6.2 The MaTHiSiS Learning Graph Engine [21]. For the
first version, we are considering the simple case of bilateral collaboration, and thus we add a second
adaptation step, after having firstly adapted each learner’s LGI individually based on their objective
performance and affect state. To this end, for each learner, the second step searches again to
optimize the convergence rate function of a graph 𝐺𝐺 = (𝑉𝑉, 𝐸𝐸), defined through its spectral analysis,
and then adapts the graph based on the difference between the node weights of the two
collaborators, adjusted depending on the convergence rate.
The methodology described in D6.2 for individual graph adaptation is therefore (somewhat)
repeated in this step, but re-adjusted to suit collaborative adaptation, where instead of examining
the LGIs’ state at the temporal level, we examine the two different states between two collaborators.
To this end, the convergence rate α of each collaborator’s graphs after individual adaptation is
calculated again (this time, at time t’, as per D6.2) for each user separately (i.e for the learner
currently examined, denoted from now on as (curr)), similarly as per with D6.2:
𝑛𝑛
𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 𝑚𝑚𝑚𝑚𝑚𝑚𝑖𝑖=2
|1 − 𝜆𝜆𝑖𝑖 |

Conveyed as the semidefinite program:

𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚

𝛼𝛼

𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑡𝑡𝑡𝑡 − 𝛼𝛼 ≤ {1 − 𝜆𝜆2 , 𝜆𝜆𝑛𝑛 − 1}

The node weights in each learner’s graph are then re-adjusted (state (curr’)) based on each
individual’s convergence rate over the difference of the similar node weights of the current learner
(curr) and their collaborator (coll):
𝑤𝑤𝑣𝑣 (𝑐𝑐𝑐𝑐𝑐𝑐𝑟𝑟 ′ ) = 𝑤𝑤𝑣𝑣 (𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐) − 𝛼𝛼(𝑤𝑤𝑣𝑣 (𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐) − 𝑤𝑤𝑣𝑣 (𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐))

where 𝑣𝑣∈𝑉𝑉 and 𝑤𝑤𝑣𝑣 is its weight.

2

Activity challenge levels depend on SLAI weights. For more information about learning activity selection and
materialization, please refer to deliverable D3.6 Experience Engine [26]
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3.3.2 Future improvements
The already pursued improvement is the extension of this method to directly provide cues for the
prioritization of Learning Actions to the EE, as described in D6.2. Another important improvement
that needs to be pursued is the extension of the method to more than two collaborating graphs,
which demands of a completely different approach. To this end, the creation of a hyper graph, which
will connect all collaborating graphs, and the subsequent optimization of the convergence rate of the
single hypergraph will be pursued, with subsequent modifications in the application of the
convergence rate to all collaborating graphs.

3.4 Collaborative styles
In Section 2, the different types of ways in which peers could learn together are described. These
were established as peer tutoring, cooperative learning and peer collaboration:
•
•
•

Peer tutoring refers to the situation where one learner instructs another learner in material
on which the first is an expert and the second a novice [3].
Co-operative learning is where responsibility for mastering the task is divided up between
the learners.
In peer collaboration, a pair of relative novices work together to solve challenging learning
tasks that neither could do on their own prior to the collaborative engagement.

Those working in the area of mainstream education see collaborative learning as the ideal to aim
towards. However, learners with PMLD or autistic spectrum condition may lack the social skills
necessary for collaborative behaviours so the promotion of any prosocial behaviours would be
beneficial. The learning situation can be constrained in such a way that some collaborative or
prosocial behaviours are promoted and this was the reasoning behind the shared space design of the
software used by Kerawalla et al. [4]. They conclude that it would be beneficial to include screen
prompts in their interface to encourage children to reflect upon their collaborative performance and
hopefully increase future collaboration.
For our situation, working with learners who may have only basic prosocial and collaborative skills at
best, we may be looking for much simpler behaviours such as turn taking and, when a more
experienced learner tutors a less experienced one, the basic tutoring activities described by Wood,
Bruner and Ross [27] and operationalised for tutors teaching people with Intellectual disabilities to
use virtual environments by Standen, Brown, Proctor and Horan [28]. These included behaviours
such as giving information (either specific or non-specific), gesturing, touching and feedback. In our
situation we will not be expecting the collaborative behaviours discussed by researchers working
with mainstream learners such as critiquing and revision and reciprocal discussion. In other words,
“promoting pedagogically useful educational dialogue” ([4], page 194) is unlikely to occur.
Peer tutoring is most appropriate for situations where one learner is more competent than the other.
True collaborative learning takes place when both learners are at the same level but can also occur
between learners with slightly differing levels of competence in the task they are currently tackling.
Kerawalla et al. also observed some unproductive behaviours in their situation designed to promote
collaboration. One learner could dominate the other. When there was a distinct difference in the
level of competency of the two learners, the less experienced learner could end up blindly copying
their partner. This was likely to happen when one learner could not read the words they had to sort.
Some of their partners did not help them by reading them out. If their partner did not read them out
they had no option but to copy the more competent partner’s decision. This situation could also arise
if the less competent partner had a low level of interest or lacked the necessary interpersonal skills
to deal with a partner who wants to dominate.
Of more interest to our project are the affective states that Kerawalla et al. looked for. Those noted
were always somewhat negative and included disengagement, impatience, boredom and frustration.
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These affective states could occur in either the more competent or the less competent partner.
While we are obviously hoping that both partners will be engaged and achieving a state of flow, it is
highly likely that other affective states will occur (see Table 2). Helping someone who is less
competent than you may not necessarily be engaging. It might work for a session or two and then
have a negative effect on the helping partner. They may become frustrated by their partner’s slow
progress and be reluctant to explain themselves and to help them. The less competent partner could
become bored or frustrated because their partner was not helping them and was racing ahead.
Learner 2
Bored

Frustrated

Bored

OK

Frustrated

Bored learner must help
the other learner

OK

Engaged

Bored learner must help
the other learner

Engaged leaner must
help the other learner

Learner 1

Engaged

OK

Table 2: Basic representation of the collaborative scenarios

Table 2 shows in diagrammatic form the different combinations of affective state that could arise
from two learners working together. If both players share the same affective state (cells on the
descending diagonal) the response of the system will be the same as if it was one learner working
alone. When the state of affect differs between the learners, encouraging one learner to help the
other or to ask for help may be a suitable response of the system. In MaTHiSiS context, the amount
of help required is managed by applying different levels of difficulty. It can be expected that, if one
learner is more competent regarding a specific activity than the other peer, he/she will be able to
provide more help and, consequently, the second peer could receive more help.
MaTHiSiS gives us a unique opportunity to collect information about how collaboration works in
those learners who have yet to master the social skills necessary for discussion and reflection to
support their joint working.

3.4.1 Quantification of help
In order to analyse the preferences of the learners regarding collaboration with other peers,
MaTHiSiS will implement a method to quantify the help received and/or provided and the
performance and affective states during these interactions will be measured. To that end, the
synchronous scenarios to be considered in MaTHiSiS (as part of Task 6.3) will implement a tracking of
specific interactions, in line with the set of xAPI statements defined to perform the affect
understanding through interactions with the learning material in Task 4.2 (for more information,
consult the annex included in the deliverable D4.3 [29]). This analysis will enable a more appropriate
configuration of the learners to be collaborating.
Currently, an initial set of interactions has been defined in order to track important information
regarding the collaboration among peers. The Learning Material provides this information through
xAPI statements and the analysis of this information will be utilized to monitor and improve the
learning experience in collaborative scenarios. Moreover, these interactions will be stored in a
common repository in order to allow learning analytics components the use of this information for
further analyses. The initial set of events which will be tracked is described as follows (using the TIN
CAN standard – Actor + Verb + Object):
1. Learner asked learner: one learner asked for help to another learner
2. Learner answered learner: one learner takes the other learner’s turn
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3. Learner helped learner: one learner helps voluntarily (without having been asked), for
example, highlighting the other learner’s correct response remotely (on their screens)
This set will be expanded in order to cover as many relevant events as possible. Moreover, these
statements can be enriched using the optional elements included in the TIN CAN standard (such as
“Results” or “Context”) to provide more useful information about the circumstances of the
interactions such as the time needed to reply or the performance of the activity (e.g. the help was
successful).
Initially, help would be defined as all the occasions when one learner decides to take the other
learner’s turn or highlight the other learner’s correct response remotely on their screen (or any other
kind of help provided including asking for help). This would then just result in a frequency of “help
interactions” (number of helping interactions per unit of time). In order to obtain this parameter, the
xAPI statements introduced will provide the needed information. Moreover, different forms of
assistance can be considered. For example, when a learner helps another peer who is asking for help,
this interaction could be tracked using the xAPI statement numbered as 2 in the above list. On the
other hand, if a learner asks for taking the turn of other learner, this action could be represented by
the statement 3.
In addition, further information regarding the interaction will be calculated in order to extract
information about the learners involved in the collaborative scenario. These parameters are related
to the competences of the learners, the affective state experienced during the learning experience
and the performance during this activity. The first parameter is directly related to the weight of the
SLAs involved in the current activity. Affective state parameter will be established based on the most
detected affect state during activity. The possible values for this parameter are engagement,
boredom and frustration. Finally, the learner’s performance during the activity will be considered.
This parameter will be computed using a range from 0 to 1, being 0 the lowest value and 1 the
highest performance. The calculation of performance during an activity involving collaboration
should take into account only the effective actions of each learner, that is, if learner A asks for help
and learner B answers the question, the performance outcome from answering that question should
contribute to learner B's performance rather than to learner A's.
Moreover, it was agreed that this information can be very useful as part of learning analytics in order
to provide additional help to the teachers. Using this information, some parameters to assess
whether a learner is willing to help and/or be helped were established. Then, the teacher will receive
extra information to define the kind of collaboration that is more suitable for each learner. This
information cannot be considered as fully representative of the learner but it can be used as
reference for future interactions with other peers. In this respect, some parameters that can describe
the kind of collaboration experiences during previous interactions were defined. These parameters
represent the following concepts:
1. Help receiver. This parameter indicates to what extent a learner is comfortable in a
scenario where they are mostly receiving help.
2. Help giver. This indicates to what extent a learner is comfortable in a scenario where they
mostly have to help their peers.
3. Help giver and receiver. This indicates to what extent a learner is comfortable
collaborating in a scenario where the amount of help given and received is similar.
4. Collaboration enjoyment. This indicates to what extent a learner feels comfortable with
collaboration.
These parameters will be calculated as part of learning analytics and they will have values ranging
from 1 to 5 with 1 indicating that a learner is not comfortable with the given collaboration style, and
5 indicates the highest degree of comfort. This information will be included using a graphical
representation in the MaTHiSiS Dashboard using a radar graph or a similar approach (see Figure 6) in
order to help the teacher during the planning of the collaborative scenario.
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Figure 6: Radar graph to compare two different users' skills

Moreover, these parameters will be calculated based on the experienced affective state, the
performance reached or both. Furthermore, a parameter to define whether collaboration for short
or long time is appropriate or not for a specific learner will be considered. All these points will be
refined depending on teachers’ feedback after pilots and information gathered during the tests.

3.4.2 Calculation of collaborative concepts
After each learning session, the concepts to be included in the dashboard will be calculated (as mean
and historical values) using the information stored in the “xapi_storage” collection in MaTHiSiS
MongoDB (see D7.3 for further information [30]) which includes all the xAPI statements received
from the LMs (both individual and collaborative scenarios). The format of this data (statements
defined in the Experience API specification) is widely described in the annex 6.1 in D4.3 [29]. As
mentioned before, these parameters must be scaled and each learner will be modelled based on
their previous interactions in collaborative scenarios. The parameters will be calculated using the
following approach.
For a given learner, if there has been collaboration during a session (actions in points 1-3 are
detected), the information registered will be used as follows:
•
•
•
•
•
•

If affect state is engagement 0-20% session - Collaboration enjoyment will be 1 for the
session.
If affect state is engagement 20-40% session - Collaboration enjoyment will be 2 for the
session.
If affect state is engagement 40-60% session - Collaboration enjoyment will be 3 for the
session.
If affect state is engagement 60-80% session - Collaboration enjoyment will be 4 for the
session.
If affect state is engagement 80-100% session - Collaboration enjoyment will be 5 for the
session.
If there has been no collaboration during a session, the value of Collaboration enjoyment will
be N/A and the overall value will not be updated.

If learner A collaborates with learner B, and more than 60% of collaboration interactions are of type
1 (learner asked learner), this information will be computed as:
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•
•
•
•
•

If affect state is engagement 0-20% session - Help receiver will be 1 for the session.
If affect state is engagement 20-40% session - Help receiver will be 2 for the session.
If affect state is engagement 40-60% session - Help receiver will be 3 for the session.
If affect state is engagement 60-80% session - Help receiver will be 4 for the session.
If affect state is engagement 80-100% session - Help receiver will be 5 for the session.

If learner A collaborates with learner B, and more than 60% of collaboration interactions are of type
2 and 3 (learner answered learner and learner helped learner), it will lead to:
•
•
•
•
•

If affect state is engagement 0-20% session - Help giver will be 1 for the session.
If affect state is engagement 20-40% session - Help giver will be 2 for the session.
If affect state is engagement 40-60% session - Help giver will be 3 for the session.
If affect state is engagement 60-80% session - Help giver will be 4 for the session.
If affect state is engagement 80-100% session - Help giver will be 5 for the session.

If learner A collaborates with learner B, and the difference between the number of collaboration
actions from type 1 and from types 2 or 3 is less than 20% of the total actions:
•
•
•
•
•

If affect state is engagement 0-20% session - Help giver and receiver will be 1 for the session.
If affect state is engagement 20-40% session - Help giver and receiver will be 2 for the
session.
If affect state is engagement 40-60% session - Help giver and receiver will be 3 for the
session.
If affect state is engagement 60-80% session - Help giver and receiver will be 4 for the
session.
If affect state is engagement 80-100% session - Help giver and receiver will be 5 for the
session.

Finally, it is important to note that further parameters could be defined which will take into account
performance and others. An interesting option would be to differentiate the performance during
collaboration from the performance during non-collaboration and show them for the same
competence in the dashboard for teachers to see and compare. Another parameter that would be
interesting to show in the dashboard is a historical of the number of times the collaboration actions
1-3 occur to see whether they go down in number with time or not. All these parameters will be
considered and analysed with pedagogical partners and teachers in order to define the ones that
they find more helpful for the organization of the learning experiences.

3.4.3 New MongoDB collection
Moreover, in order to facilitate the calculation of these parameters, a new collection which would be
managed by the DSS will be implemented. In that collection, important information per session will
be stored. The structure of the collection has been designed as follows, similar to the
DSSHistoricalValues collection in MongoDB (see D7.3 for further information [30]):
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{

“learner”: {learner identifier},
“sla”: {SLA identifier},
[
"session_id": {session identifier of the learner}
"sla_weight ": {SLA weight}
{
"peer session id": {session identifier of the peer(s)},
"peer SLA_weight": {competence of the peer learner(s)}
"affect_state":
{

{boredom probability},
{frustration probability},
{engagement probability}
}
"performance": {value}
},
"timestamp":

interactions, if needed)}

{time of

the recording data

(to match peer’s

…
]
…
}

3.5 Communication among platform agents
Initially, in a synchronous collaboration scenario, the interaction between two learners is assumed.
They could be situated in different classrooms and they will be using different PAs (e.g. two tablets or
one using tablet and another using a computer). Emphasis is on collaboration and not on competition
as advised by MaTHiSiS pedagogical partners (see Section 2), therefore a home screen that
emphasises this is a team effort and not a competition between two “players” is foreseen.
The considered scenario is as follows: the tutor defines a learning graph in which he/she associated a
Smart Learning Atom with a Learning Action materialized by a collaborative Learning Material. Once
at school, the tutor defines the learning environment and the PAs used by each learner. The two
learners log in to the MaTHiSiS system and the tutor selects the learning graph they will use. The
collaborative learning material is launched to both PAs and the learners start interacting. Throughout
their collaboration, the actions of each learner are announced to the other and apart from their
performance, their interactions (considered as “help”) are registered in the CLS towards quantifying
the help they provide.
The differences that this scenario introduces are a) the tutor defines which learners collaborate so
that their interactions with the learning material are communicated to their co-player and b) the
“help” they provide each other has also to be registered and quantified, as suggested by the
pedagogical partners (as described in Section 3.3).
The technical requirements introduced and met by the MaTHiSiS system prototype delivered in the
2nd year are:
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•
•
•

The tutor should be capable of defining that two learners are associated with the same graph
at the same time (see Figure 7).
The learning materials supported by MaTHiSiS should be multi-player.
The information registered as «key moments» for collaborative learning materials should
support the reflection/registration of help and other interactions.

Figure 7: Configuration of a collaborative experience

To meet these requirements, the platform must comply with a number of requirements:
a) Once the two learners log in through their PAs and the tutor defines the learning graph they
will use, since they are going to use a collaborative material, the ES server residing at the CLS
will associated the two PAs and will communicate the interactions of each learner to the
other.
b) The ES Client (at each PA) starts the collaborative LM as it does with any other LM.
c) The LM will be connected to ES Server via WebSocket connection.
d) The LM will send the session ID and the learner ID to the ES Server.
e) The LM will authenticate itself sending the token to the ES Server. The token is provided by
ES client to the LM when deploying it.
f) When ES Server is ready (connected with two devices) it must return the following JSON to
both of the learners/PAs:
{
"Command": START_GAME,
"Your_name": {the name of the learner who receives this command},
"Opponent_name": {the name of the other learner},
"Play_first": {true/false} // “true” symbolizes that the learner should start the
game, false symbolizes that the learner should wait his/her partner to make the fi
rst movement
}

Also, due to asynchronous technologies, a learner may disconnect by the ES Server during the LM
execution. That is something which must be known to their partner (other learner) which is done
through the END_GAME command – which will inform the other (still active) learner.
In order to have a flexible and platform-independent solution, the commands will be exchanged in an
extra field in the JSON – called “data”.
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{
"Command": SHARE_COMMAND,
"data": { }
}

The xAPI statements are sent via the LM as happens also with the learning material designed to be
used for individual learning scenarios.
For a collaborative game, the two learners may well come into or progress in the game with different
levels of competency. Their activities’ challenge level is initially calculated individually, by taking into
account their individual performance and how much help they had from or provided help to their
partner among other parameters (as described above). However, their final competency levels will
be re-adjusted based on their conjoint competencies, as described in Section 3.2.
The alternative scenario is that one ends the game in a different affect state, as presented in Table 2.
We assume here that if a learner is bored, it is because the level is too easy for him, so the bored
learner should be prompted to help the other one more. Here we assume that the competent
learner finds engaging helping someone who is less competent.
A prominent issue in the synchronous collaboration scenario is the quantification of the help
provided by one learner to another and how this is taken into account to adapt the learning
experience, as described in Section 3.3.

3.6 Collaborative Learning Materials
In the development of collaborative learning materials the challenge is (apart from the
communication between the two learners) the quantification of help. In this section, a description of
the first collaborative LM implemented in MaTHiSiS platform is presented. This LM is implemented as
a web-based LM and it was developed to support the synchronous collaboration scenario tested in
schools by JCYL. This experience is part of the JCYL_ME learning graph, associated with the “maths
skills” learning goal. The Smart Learning Atom which can be materialized by this LM is
“Discrimination of greater than / less than”, associated to the learning action called “Put numbers in
order”. It follows the same architectural/technological directions (e.g. with respect to the type of
communication with the CLS) but with certain modifications to support the interactions of the
learner. With respect to the tracking of the interactions, here the “key moments” notion is extended
to also express the “help” provided by a learner to another as well as to trigger “help”.
This Learning Material assumes the interaction between two learners, situated in different
classrooms using different devices such as tablets, computers or interactive whiteboards. Emphasis is
on collaboration therefore a home screen that emphasises this is a team effort and not a competition
between two “players” is implemented. The game flow could be descripted as follows:
1. Both learners switch on and the LM starts at the easiest level: For both learners, the screen
displays four empty slots/boxes at the top of the screen and four numbers at the bottom of
the screen (see Figure 8).
2. System randomly selects one learner (Learner 1) to start.
3. Learner 1 is prompted to “drag the next smaller number”. Assuming s/he drags a number, if
it is correct, it will stay in the box, if not, it will move back to the boxes below. If the learner
finds it difficult to identify the smallest number, s/he can use the button in the up right
corner to “ask for help”, in which case the other learner is notified and s/he is able to make a
move.
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4. Then the turn passes to learner 2. In that case, learner 2 is prompted to “drag the next
smaller number” and the process goes on until they sort all numbers. In the end, i.e. when all
four numbers from the bottom of the screen are placed in the boxes above, a visual reward
is shown on the screen (see Figure 9).

Figure 8: Collaborative LM – Easy level

Figure 9: Visual feedback provided to the learners

The next (higher) difficulty levels include more numbers and/or higher numbers. Three levels are
supported:
•
•
•

Easy level: 4 numbers
Medium level: 8 numbers
Hard level: 12 numbers

The range of numbers per level is:
•
•
•

Easy and Medium: 1-100
Medium: 1-1000
Hard level: 100-1.000.000
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The key moments are associated with the correct/wrong filling of the number, the completion of the
game and the provisioning of help each learner provided to his colleague, similar to the way
described in D4.3 [29].

3.7 Competitive Learning Material
In addition, in order to test different approaches and to gather data for preliminary tests, a
modification of the serious game implemented in the context of task 6.2 (and described in [21]) has
been performed. This modification enables a multi-learner schema whereby two students complete
several questionnaires while information about the other student is presented with the aim of
motivating them. This approach is focused on a competitive scenario. It must be clarified that this
serious game has not been implemented as a MaTHiSiS LM but as an independent test bench. This
independent serious game (second version of the e3learning platform) also implements simulated
annealing as the adaptation algorithm to recommend difficulty levels of the game. Furthermore, a
WebSocket communication is employed in order to enable the exchange of information between two
students from different locations. A screenshot of the updated game is presented in Figure 10.

3

Figure 10: Multi-learner version of the e learning platform

The main parameters of the “opponent” included in this platform are the current score obtained and
the level of difficulty that he/she has reached. Although this is not a major objective of MaTHiSiS, this
platform is used to study the influence of this feedback while two students are “competing” with
each other.

3.8 LAO modelling for synchronous collaboration
The Learning Actions Ontology (LAO), described in detail in D3.6 Experience Engine [26], has been
updated with respect to the needs of the synchronous collaboration scenario, by modelling the
collaborating styles defined in Section 3.3 under the Learning Experience context, and a connection
between the Learner and the Collaborating Styles has been established through the existential
quantification Learner ⊆ ∃ hasCollaboratingStyle.CollaboratingStyle. The snapshot of this addition
can be seen in Figure 11.
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Figure 11: Synchronous collaboration LAO models

Through these classes, property and axiom, an inferencing engine like the Experience Engine (EE), or
some other reasoning engine, can re-use these properties to constrain the context of the Learning
Experience based on their learners’ preferred collaborative styles and suggest similar users or adapt
the materialization of the Learning Experience based on these styles.
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4. Asynchronous collaboration among platform agents
4.1 Introduction
One of the major innovation activities of MaTHiSiS is involving knowledge sharing among different
platform modalities; for instance, how a learning scenario, designed to calculate the cognitive
conditions of learners through video streaming and facial expression, can execute the same or a
similar task with the use of another modality like audio from video without extensive re- training and
customizing. In the current subsection the work done towards that task, for transfer knowledge
among different modalities, is presented. Since one of the main of the MaTHiSiS project is to
recognize the affect states of the learners from several different modalities and platform agents, it
was decided that also the transfer of knowledge should be done towards that direction. The issue
that needs to be dealt is the calculation of the learners’ emotions through modalities or platform
agents that are just introduced to the MaTHiSiS system and there is a lack of knowledge about how
they can create efficient and robust emotion recognition mechanisms.
Furthermore, it was stated that a modelling of the platform agents needs to be performed by making
use of the learners experience using some questionnaires. This analysis will be performed with the
purpose of assessing and finding useful clues about the characteristics of different platform agents
and associates them with the characteristics of different learners.

4.2 Transfer learning in the context of Sensorial Components
The first part of the implementation for the Task 6.4 is focused on the Knowledge transfer among
Sensorial Component modalities which, in fact, is the implementation of a transfer learning (TL)
schema among different modalities to recognize the affective state of the learners.

4.2.1 Introduction
Recent advancements in the domains of machine learning and affective computing led to the
generation of powerful emotion recognition systems, mainly through the adoption of facial
expression analysis [32]. Furthermore, during the last decade, the gained popularity of deep learning
architectures have led to the generation of robust computer vision systems, not only for emotion
recognition, but also for several applications, such as object recognition, face detection, face
recognition, and so forth. These advances in machine learning derived through the exploitation of
huge datasets, enabling researchers to be capable of training and testing sophisticated machine
learning classifiers. Typically, machine learning approaches employ the concepts of training and
testing dataset, which both are consisting of data from the same feature space and similar
distribution. The training dataset is used for the generation of the classification model while the
testing dataset is applied for evaluation and testing of that model. It has been proved that, when
there is a meaningful difference among those two sets, the performance of the system significantly
decreased. The differences between the training and testing dataset could be either in terms of
domain space or features distribution.
In that regard, a solution to deal with the lack of sufficiently large datasets regarding specific sensor
modalities is required. Although it could be relatively easy to find appropriate database related to
some modalities, this is not the case for others. Moreover, there is not always availability of datasets
from the same domain and distribution for these sets. For example, in the case of emotion
recognition, there are a lot of available datasets which derived from facial expressions modality while
this is not the case of audio analysis. Therefore, generating training models for emotion recognition
classification through these modalities can be a rather challenging task and it requires the use of
robust datasets. In addition, it is noteworthy that the engineering of such big and complex corpora is
not always a straight-forward and feasible task. In order to solve this problem, the wide datasets can
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be utilized for creating powerful emotion recognition models for modalities suffering a lack of
availability for datasets such as speech, brain signals and health sensors.
In order to accommodate this issue, “Transfer Learning” (TL or Domain Adaptation) algorithms [33],
[34] were introduced from academia. The main goal of this approach is to perform efficient
classification tasks by exploiting data from modalities with rich available datasets and transferring
that knowledge into different modalities with different distributions (with sparse available
datasets) performing the same in-hand task. These techniques were inspired from the human
behaviour and the way that the learning process is materialized in human brain.
An analogous paradigm for the performed TL in humans could be the following example which
considers the case of two people who want to learn geometry. One person (learner A) has no
previous experience in mathematics while the second one (learner B) already has basic knowledge of
calculus and algebra. In this scenario, it is expected that learner B will be able to learn the concepts
of geometry more easily than learner A. It is considered that learner B will be able to use (or transfer)
the knowledge previously gained from algebra, since algebra concepts and terms are related with the
concepts of geometry and they can be considered as sub-categories of mathematics.
From the technical point of view, and extracted from the machine learning domain, the following
example can be proposed. Assuming the task of predicting the emotions using people’s sound clips
and having abundant available labelled data for that task, traditional machine learning algorithms
can be employed in order to create a robust emotion recognition system through these sound clips.
However, in the case of availability of a sparse dataset from sound modality, the accuracy of the
method will be reduced. However, it is possible to find a dense dataset available from the face
modality for the same classification task. In both cases, the data are linked, since they are referring to
the same context, in that case, the recognition of the same emotions. Nevertheless, it should be
noted that the distribution and the domain space of face and sound datasets are not the same, so
the dense dataset from the face cannot directly be employed into the emotion recognition
classification task using sound features. TL techniques could be applied in order to bridge the two
domains and improve the performance of the target learning task (emotion recognition from sound)
by exploiting the datasets of the face modality. An alternative way to conceptualize the two different
domains of the example is that both domains can be transformed into a common sub-space in which
a single classification model can handle both modalities at the same time. This concept is visualized
in Figure 12. Having two binary classification tasks (source and target tasks), there is a higher subspace in which the classification of both domains can be shared (applying the same classifier).

Figure 12: Example of Transfer Learning combining two different domains
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In MaTHiSiS context, the implementation of this functionality was performed using a Heterogeneous
Transfer Learning (HTL) technique. This method has been implemented with a view to perform
knowledge transfer among two different modalities for emotion recognition. The modalities initially
tested were face and audio (which could be considered as the proof of concept study). To that end, it
was investigated the efficiency of TL from the facial features extracted and the raw audio features
extracted from the video files. The proposed framework was implemented in three steps:
1) Feature selection module: only the most significant features of face and sound datasets
were considered. A more thoughtful analysis for feature selection algorithms can be found in
the survey presented by Chandrashekar and Sahin [35]
2) Bag of word coding approach: this method was implemented with the purpose of
transforming both domains (namely source and target domain) into a common subspace.
This technique was based on clustering approaches [36]
3) Distance Metric Learning (DML): these approaches [37] were implemented in order to
establish a bridge between the two domains (face and sound).
Further information and the analysis of the techniques tested for all the steps of the proposed
approach are presented in Section 4.2.4.
Finally, once the transformation among the two modalities is established, the performance of the
introduced framework was evaluated by using a SVM classification [38]. This evaluation consists in
the validation of the target task (emotion recognition from the sound), as well as by measuring the
distance between the transformed distributions of face and sound modalities. This measurement
also includes the comparison of distances between the distributions of the initial datasets (which are
derived from raw features) and the transformed space. For example, if the under study machine
learning problem is the classification of emotions derived from facial expressions from images into
seven basic emotions (happiness, sadness, fear, disgust, anger, surprise and neutral), then the
feature space X could composed of specific features extracted from the image (such as specific face
landmarks information) and labels yi will represent one of the basic emotions.

4.2.2 Basic terminology
For readability purposes, this subsection introduces a TL terminology dictionary which will help
readers for the remainder sections. This terminology is extracted from the work presented in [33]
[34]. Firstly, the term domain 𝐷𝐷 is defined by using the two notions, the feature space and a marginal
distribution. On the one hand, the feature space 𝑋𝑋 contains all the possible feature vectors (or
instances) while 𝑋𝑋 = {𝑥𝑥1 , 𝑥𝑥2 , … , 𝑥𝑥𝑛𝑛 } ∈ 𝛸𝛸 is a sub-sample of the feature space and contains the inhand available learning sample vectors. Secondly, the feature distribution probability of the learning
samples features 𝑃𝑃(𝑋𝑋). Given two different classification tasks, feature domains and feature
probability distribution can differ. For a classification task, two essential terms should be defined.
Firstly, the label space 𝑌𝑌 and, secondly, the classification function 𝑓𝑓(𝑋𝑋), which can be used to predict
the 𝑦𝑦𝑗𝑗 for a new, unknown input feature vector 𝑥𝑥𝑛𝑛𝑛𝑛𝑛𝑛 .

Additionally, the terms source and target domains are established in TL. Source domain is a subspace with dense datasets available and which contains data that will be used in order to perform
the knowledge transfer. Regarding the implementation of this task, the facial expression modality is
defined as source domain. Formally, the source domain can be defined as: 𝐷𝐷𝑆𝑆 = (𝑋𝑋𝑆𝑆 , 𝑌𝑌𝑆𝑆 , 𝑃𝑃(𝑋𝑋𝑆𝑆 )). In
addition, target domain is the sub-space which contains sparse available datasets and in which there
is the need of transferring knowledge from the source domain: 𝐷𝐷𝑇𝑇 = (𝑋𝑋𝑇𝑇 , 𝑌𝑌𝑇𝑇 , 𝑃𝑃(𝑋𝑋𝑇𝑇 )). In the case
presented, sound from video streaming was considered as target domain. However, it should be
highlighted that, in the real applications, target domain must be defined as the information that will
be gathered from any new modality that will be introduced to the platform with the purpose of
performing emotion recognition.
According to the same principal, a definition for source and target classification tasks can be defined
as follows. Firstly, source task is presented as the classification task that can be trained using the data
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from the source domain 𝑇𝑇𝑆𝑆 () while the target task is the classification task 𝑇𝑇𝑇𝑇 () which can be
enhanced using the target domain data. The classification tasks for each domain consist in calculating
the predictive classification function for each case (𝑓𝑓𝑆𝑆 (𝑋𝑋𝑆𝑆 ) and 𝑓𝑓𝑇𝑇 (𝑋𝑋𝑇𝑇 )). This classification is
performed by incorporating the feature vectors from the training set, using both source and target
domains and learning the relation between feature vectors and corresponding labels. By definition,
the scope of TL is to extract the knowledge from the source task and to apply this knowledge into the
target task. This knowledge transfer is implemented with the purpose of improving the classification
performance in the target domain by incorporating knowledge from the source domain, thus
improving the performance of the predictive classification function 𝑓𝑓𝑇𝑇 (𝑋𝑋).

According to the defined basic terms of TL, several emerging scenarios are raised regarding the
nature of the available data and the way TL is utilized. For the source and target domain 𝐷𝐷𝑆𝑆 =
(𝑋𝑋𝑆𝑆 , 𝑌𝑌𝑆𝑆 , 𝑃𝑃(𝑋𝑋𝑆𝑆 )) and 𝐷𝐷𝑇𝑇 = (𝑋𝑋𝑇𝑇 , 𝑌𝑌𝑇𝑇 , 𝑃𝑃(𝑋𝑋𝑇𝑇 )) the emerging cases for the TL are correlated to the
following conditions: 𝑋𝑋𝑆𝑆 ≠ 𝑋𝑋𝑇𝑇 , 𝑇𝑇𝑆𝑆 ≠ 𝑇𝑇𝑇𝑇 and 𝑃𝑃(𝑋𝑋𝑆𝑆 ) ≠ 𝑃𝑃(𝑋𝑋𝑇𝑇 ). In the case that 𝑋𝑋𝑆𝑆 ≠ 𝑋𝑋𝑇𝑇 , the
approach is defined as Heterogeneous Transfer Learning while if 𝑋𝑋𝑆𝑆 = 𝑋𝑋𝑇𝑇 and 𝑃𝑃(𝑋𝑋𝑆𝑆 ) ≠ 𝑃𝑃(𝑋𝑋𝑇𝑇 ), the
approach is defined as Homogeneous Transfer Learning. Finally, another possibility is when the
classification tasks are also different (𝑇𝑇𝑆𝑆 ≠ 𝑇𝑇𝑇𝑇 ). In the case of Homogeneous and Heterogeneous TL,
there are two main strategies to perform knowledge transfer: symmetric and asymmetric
approaches. In the former case, both source and target domains are transformed into a common
latent subspace (see Figure 13); while in the latter case, the source domain is transformed to the
target domain (as displayed in Figure 14).

Figure 13: Symmetric Transfer Learning

Figure 14: Asymmetric Transfer Learning

In MaTHiSiS context, the implementation of this task follows a Heterogeneous Transfer Learning
approach by performing a symmetric transformation strategy.

4.2.3 Proof of concept for the transfer learning framework: the AFEW database
With the purpose of validating the proposed TL schema, the popular Acted Facial Expressions in the
Wild (AFEW) dataset [39] was utilized. AFEW is a challenging dataset for emotion recognition which
included data gathered in uncontrolled environments. The dataset contains data with occlusions,
varying illumination and head poses, characteristics that can normally be experienced in real world
conditions. The dataset consists of 1127 videos annotated based on seven basic emotions, namely
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anger, disgust, fear, happiness, neutral, sadness and surprise. The videos were extracted from
professional actors in movies trying to mimic spontaneous human expressions. Moreover, the
authors tried to cover the evolution of the emotion representations of the same actors in different
ages (such as the emotion evolution of actors in Harry Potter movies). The range of ages of the actors
varies from 1-70 years old and the dataset was created under almost natural and non-deliberate
illumination conditions. In total, 37 different movies were used in order to extract video clips from a
great variety of different movie-genres and a great variety of expressions and conditions. Finally,
information about movies and actors is contained in an XML schema. More specifically, the dataset
contains the actor’s expressions, the start time, the clip length, person’s name, current pose, age of
the character, age of the actor and gender of the actor.
The pre-processing framework that was implemented to extract features for face and sound
modalities from the AFEW dataset is introduced. The procedure followed can be described as
follows: face detection and tracking, facial landmark detection, face alignment and cropping and lowlevel feature extraction from face and audio modalities.
The first step of the pre-processing framework was the face detection. In order to tackle the issue of
real-time face detection, the system implemented Haar Cascade classifiers [40] which are provided
by OpenCV [41]. For each frame of a video clip, the system returns the face contained on it. It is
worth noting that the AFEW dataset contains only one person in each video clip. The second step of
the framework is to perform the face landmark detection. To this end, the Supervised Descent
Method (SDM) [42] was applied. Then, the system proceeds with the face alignment procedure. This
phase is essential for the system since faces can be found in different poses and angles which can
affect the performance of an emotion recognition classifier. This process correctly rotates the
landmark positions and it was implemented by using an affine transformation, which allows the
location of eyes and mouth to be made invariant while maintaining the facial expression. Then, all
the aligned faces based on eye centres positions were cropped and re-sized in a fix 224×224 size. In
Figure 15, some examples of dataset frames before the pre-processing framework are illustrated.
Finally, low-level descriptors from audio and visual modalities were extracted. For the face modality,
the steps described in the previous paragraph are followed by the feature extraction phase. In that
case, 3D Local Binary Patterns [43] were implemented in order to extract features from the whole
sequence of frames that correspond to a specific emotion. Concerning audio signals, the system
implemented the speech analysis included in openSMILE toolkit [44] for audio features extraction.
This approach is usually utilized for extracting features from audio that contain both voice quality
and the prosodic characteristics of a speaker. The set of audio features extracted to performed
emotion recognition are the following: 34 energy and spectral related low-level descriptors (LLD) x 21
functional, 4 voicing related LLD x 19 functional, 34 delta coefficients of energy and spectral LLD x 21
functional, 4 delta coefficients of the voicing related LLD x 19 functional and 2 voiced/unvoiced
dynamic durational features. The whole feature extraction procedure was analysed in [45].
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Figure 15: Set of frames from the AFEW database

4.2.4 Proposed framework
This section validates the proposed approach that aims to establish a bridge between two different
heterogeneous modalities. As a proof of concept, those modalities were chosen to be face and audio,
extracted from the dataset previously described. The domain spaces of these two modalities present
different distributions and therefore, they cannot be easily bridged. However, both sets of
information could potentially be used to perform the same classification tasks, emotion recognition.
A comparison of the distributions for face and audio features is represented in Figure 16, which
shows clear differences. Moreover, their initial feature dimensionality is also different. Therefore, in
order to exploit the source domain dataset (which contains facial expressions) for the target
classification task of emotion recognition from sound, a transformation that will bridge the two
domains needs to be established. As mentioned before, the proposed technique can be divided into
three modules:
1) The feature selection module
2) The “bag of words” module
3) The Distance metric Learning module

Figure 16: Distribution of mean vectors for face and audio raw feature vectors

The first part of the approach was performed with the purpose of implementing a feature selection
technique. That step was implemented in order to keep only the most significant features for
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classification, both from face and sound domains. In early stages of research, three different ways to
perform feature selection were considered.
•

•

•

Firstly, an implementation which is based solely on the variance of the features was
performed. In that case, the features from the source and target vector were independently
analysed (features shown in Figure 16). In order to select the final set of features, raw
feature distributions for the mean face vector and the mean audio vector with variance
greater than a threshold were chosen. This threshold was calculated based on the
classification performance for both face and audio modalities. The experiments performed
have shown that, by keeping the 1000 more significant dimensions for both modalities, the
classification performance remains invariant.
Secondly, an L1-based feature selection, a supervised technique that utilizes machine
learning techniques for performing feature ranking, was tested. In the end, this method also
applied a threshold based on the classification result and the k (established as 1000) most
significant features were preserved.
Finally, tree-based estimators were utilized to compute feature importance, which was used
with the purpose of discarding irrelevant features. In Figure 17, the results of the tree-based
feature selection for the mean face and mean audio vectors are illustrated.

Figure 17: Distribution of mean vectors for face and audio filtered by using tree-based feature selection

Subsequently, a “bag of words” technique was performed in order to code the already filtered raw
features from face and audio. With this approach, K clusters are calculated for both modalities using
a clustering method. The tuning of the K parameter is presented in Section 4.2.5. Then, every input
feature vector for both domains is transformed into the distance of each feature vector with each
calculated cluster. Several approaches for the calculation of clusters were tested in that step
(namely, K-means [46], Spectral Clustering [47] and Mean Shift [48]).
This coding procedure is necessary for several reasons. It is necessary since both domains need to be
transformed into a common dimensionality (in order to proceed with the distance metric learning
module). Moreover, transformation techniques and distance metric learning present technical
difficulties when applied to high dimensions due to the high complexity of these techniques and the
fact that it is mainly based on the dimensionality of the feature vectors. The established bridge
between the two modalities is easier to be calculated using the “bag of words” approach due to the
reduced number of clusters from face and audio modalities in comparison with the initial raw feature
space. As it is depicted from Figure 18, even after the implementation of the “Bag of words”
approach, still the distributions of face and sound is far from being considered as comparable. Thus,
a transformation is established in order to perform the desired bridge between the two domains and

Contract No.: 687772

Page 42 of 6

D6.4 – Synchronous and asynchronous collaboration among platform agents

these inherent differences. In the presented work, Distance Metric Learning techniques were chosen
to fill that gap between the distances of the two domains distributions.

Figure 18: Distribution of face and audio mean vectors after the clustering

The Distance Metric Learning (DML) [37] problem is described as a learning a distance function which
is tuned to a specific task using supervised information. A possible intuitive formulation for the DML
problem could be as follows: given an input distance function 𝑑𝑑(𝑥𝑥, 𝑦𝑦) between objects 𝑥𝑥 and 𝑦𝑦 (for
example, the simple Euclidean distance), together with some supervised information related to what
is considered to be the ideal distance, DML’s target is to formulate a new distance function 𝑑𝑑^(𝑥𝑥, 𝑦𝑦)
which is more “precise” than the original distance function. All the tested methods for DML assume
that some supervised information is available. In the current study, the hypothesis that the label
information from both domains can be used as the supervised input for calculating and optimize the
distance metric 𝑑𝑑^ was established. The DML formulation could be mathematically framed with the
following equation:
𝑑𝑑(𝑥𝑥𝑖𝑖 , 𝑥𝑥𝑗𝑗 ) = �(𝑥𝑥𝑖𝑖 − 𝑥𝑥𝑗𝑗 )𝑇𝑇 𝑀𝑀(𝑥𝑥𝑖𝑖 − 𝑥𝑥𝑗𝑗 )

where 𝑀𝑀 is the Mahalanobis matrix which needs to be calculated. A requirement of 𝑀𝑀 is that it has
to be defined as a 𝑁𝑁𝑁𝑁𝑁𝑁 positive and symmetric matrix; where 𝑁𝑁 is the number of the input features
(both for face and sound domains after the “bag of words” coding) and 𝑥𝑥𝑖𝑖 , 𝑥𝑥𝑗𝑗 are two feature vectors.
In order to find the optimal Mahalanobis matrix 𝑀𝑀 and generate a robust “bridge” between the
domains, several techniques were evaluated. All of these techniques make use of pairs of constraints
to establish what it is considered to be similar and close distance. This information is given as a pairs
of feature vectors represented as follows:
𝑃𝑃 = [(𝑥𝑥𝑎𝑎 , 𝑥𝑥𝑏𝑏 ), (𝑥𝑥𝑐𝑐 , 𝑥𝑥𝑑𝑑 )]

where all pairs (𝑥𝑥𝑎𝑎 , 𝑥𝑥𝑏𝑏 ) are considered to be close while all pairs (𝑥𝑥𝑐𝑐 , 𝑥𝑥𝑑𝑑 ) are considered not to be
close. The optimization of the Mahalanobis matrix 𝑀𝑀 is based on these constraints. The results of all
under-test approaches are presented in Section 4.2.5. In this phase of the project, several techniques
were considered, namely Sparse Determinant Metric Learning (SDML) [49], Least Squares Metric
Learning (LSML) [50], Neighbourhood Components Analysis (NCA) [51], and Local Fisher Discriminant
Analysis (LFDA) [52]. In Figure 19, the mean face vector and the mean audio vector after the
implementation of a DML transformation (LSML) are depicted. It can be observed that, after the
implementation of the DML bridge, the gap between the two domains was eliminated. Finally, the
maximum mean discrepancy [4] and the classification performance of the target domain (audio
modality) were applied in order to evaluate all the techniques and find the optimal configuration
with the purpose of establishing a robust bridge between the two domains. With a view to evaluate
the classification performance of the proposed method, a one-against-all multiclass Support Vector
Machine (SVM) implementation was applied as described in the subsequent section.

Contract No.: 687772

Page 43 of 6

D6.4 – Synchronous and asynchronous collaboration among platform agents

Figure 19: Distribution of face and audio mean vectors after the DML

4.2.5 Experimental results
The proposed framework for Transfer Learning and the calculated bridge transformation between
face and sound modalities was evaluated on the database “Acted Facial Expressions in the Wild”
described in Section 4.2.3. As stated above, this dataset and modalities have been used as a proof of
concept in early stage of the task. Nevertheless, several modalities will be evaluated in future phases
to validate the method. Firstly, the face modality was defined as the source domain (the modality
with the dense available dataset) while the sound modality was applied as the target modality (the
modality for which we want to improve its classification task performance). Subsequently, two
different scenarios were evaluated. On the one hand, it was considered a sparse available dataset
from the target domain (sparse scenario) and dense available information available from the source
domain (this is stated as the dense scenario). This is the main scenario considered for the
experimental results and it is commonly referred in the literature as “Semi-supervised Domain
Adaptation”. Secondly, a dense dataset from the face and the sound modality were utilized with the
purpose of learning the Mahalanobis distance and testing the efficiency of the approach (just for
validity purposes).
4.2.5.1

Sparse scenario

In order to calculate the Mahalanobis distance, both modalities must consist in an equal number of
samples. To that end, 200 samples were randomly selected per each modality and their label
information was applied as the similarity correspondence. Then, the DML is calculated and it was
used for mapping the dense training dataset from the face modality (784 samples) and the sparse
training dataset form the sound modality into the DML space (200 samples). Then, both datasets
were merged and the new training dataset was generated (984 samples). This training dataset
incorporates features from both modalities.
Subsequently, a classification schema was introduced in order to evaluate the performance of the
proposed system. Firstly, a multiclass SVM was implemented to measure the classification
performance in the target domain (sound). The SVM classification was trained using the transformed
merged dataset (which incorporated both modalities) in the DML space while the prediction was
performed in the transformed available test dataset (solely from the sound modality). An exhaustive
search was performed, for the type of feature selection, the chosen type of the clustering method,
the DML technique implemented, and the SVM parameters (relaxation parameter C, gamma, and
kernel). The SVM classification was evaluated twice, firstly regarding the sparse scenario and
afterwards, in connection with the dense scenario. Furthermore, as a baseline approach, in order to
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compare the proposed technique, a simple SVM classification which solely exploited as training data
the raw features from the target domain dataset was applied. In Table 3 the results for the sparse
scenario are depicted where the last row includes the baseline value. These results represent the
ones obtained after the tuning of the SVM parameters.

Clusters

n=30

n=33

n=35

n=38

n=40

n=43

n=45

n=47

n=50

LFDA-Kmeans

19.94

19.94

19.94

20.21

20.21

20.21

19.13

19.13

19.40

LFDA-MS

21.02

21.02

21.02

21.56

21.56

21.29

21.29

19.94

20.48

LFDA-SC

16.71

16.16

16.16

16.16

18.86

19.67

20.48

21.56

21.56

LSML-MS

16.44

16.44

20.75

20.48

21.56

21.56

20.48

20.48

20.21

LSML-SC

21.02

21.02

20.21

21.56

21.56

21.02

19.94

19.94

19.94

LSML-Kmeans

21.56

21.83

21.56

21.83

21.02

20.75

20.75

20.75

21.29

Baseline-SVM

20.48

Table 3: Results of target domain classification using different types and numbers of clusters

Furthermore, with the purpose of evaluating the robustness of the implemented “Domain
Adaptation” technique and mainly the sufficiency of the DML transformation, the Maximum Mean
Discrepancy (MMD) [53] was employed in order to investigate if the distance between the two
domains was reduced after the performed DML transformation. Therefore, the MMD metric
calculates the distance among the means of source and target domains in the transformed space.
Regarding the distance metric between the distributions in the several steps of the approach, Figure
20 illustrates the distance between the averages after the “bag of words” and the MMD distance
after the DML transformation for several k (numbers of clusters). As it can be depicted from Figure
20, the MMD distance after the performed DML transformation is always closer than the distance
after the transformation to the “bag of words” coding. Since the distances between the average
feature vectors came closer, combined with improvements with the classification performance in the
target domain both for the sparse and dense scenario, it can be assumed that the bridge between
the two modalities was successfully established.

Figure 20: Distances using MMD algorithm

The whole framework succeeded in the targeted goal which was to improve the target classification
performance by incorporating information from the source dataset. Exhaustive experiments for
tuning the best parameters of the SVM classification, as well as for choosing the best methods for
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each of the three steps of the proposed framework were performed. Firstly, it was found that by
using tree-based feature selection, a limited number of dimensions can be kept without decreasing
the classification performance of our experiments. In the same spirit, as it is also clear from the
Table 3, LSML and K-Means algorithms led to the best performance for the “Domain Adaptation” (the
same was proved for the dense scenario).
4.2.5.2

Dense scenario

Furthermore, in order to perform a more generalized evaluation test, the same approach was
implemented, but exploiting the full datasets (from source and target domains) for the calculation of
Mahalanobis matrix 𝑀𝑀. In that case, the calculation of the DML was done using 784 samples from
both modalities. Furthermore, the dataset used for the SVM classification contained all the 1568
transformed samples. The rest of the procedure was the same as in the case of the sparse scenario.
For the dense scenario, the best performance after the tuning of parameters was 29.11%. This
value was obtained, again, by using K-Means and LSML and it outbids the performance of the
baseline SVM classification that was 28.84%. Furthermore, that result was close (up to our
knowledge) to the reportedly “state of the art” performance for Emotion Recognition using the
sound in AFEW dataset (29.29% presented in [54]).
4.2.5.3

Conclusion

From the previous proof of concept study, a successful bridge between the two modalities (namely
face and audio) was established. This proved that a TL technique can successfully applied with the
purpose of improving the classification result of a new introduced target modality in MaTHiSiS
platform by making use of the well-known modalities and knowledge sharing.
The classification results were (slightly) improved using the Heterogeneous Domain Adaptation
technique. Even though this improvement is not high, this is a proof of concept to implement
transfer learning in MaTHiSiS and the mechanism will be enhanced. At the time of writing of this
document, some alternative to outperform these results had been conducted. Finally, the goal of this
task is to test the proposed approach using the MaTHiSiS databases and with different source and
targets domains to verify its applicability in MaTHiSiS context.

4.2.6 Integration of transfer learning into MaTHiSiS platform
Finally, this section includes a description of how this innovative functionality will be integrated in
MaTHiSiS platform. The transfer learning has been designed in order to facilitate the addition of a
new Sensorial Component modality (either as part of a well-known PA or in order to integrate a
completely new PA) into MaTHiSiS. In order to do so, the platform will integrate a system to
configure the TL techniques described above, run them and create the necessary models to perform
affect recognition through the analysis of the data acquired by this new sensorial modality.
Consequently, when a MaTHiSiS administrator (developer) wants to use an unknown SC modality, a
new utility will be employed.
As a first step, the developer needs to create an annotated database from the new modality. For the
needs of this task, and in order to perform knowledge transfer among several modalities, MaTHiSiS
platform will provide a way to gather some annotated data from the under-test modality (target
domain). The tool designed to that end will make use of video recordings as reference to annotate
the correspondent target domain modality (as performed during several phases of the project such
as data acquisition session and pilots in education). It is worth noting that, in future stage of the
project, the user (developer of the system) will be in charge of the implementation of the algorithms
needed to gather data from the new modality and for feature extraction from the gathered data.
Furthermore, the developer, by using this tool, will annotate the gathered data in order to be used in
subsequent steps. Afterwards, a tool to store the features of the new modalities with the
corresponding annotation will be provided.
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The developer will have the option of performing tests using a camera and the video will be stored in
order to be used as guide during the data annotation process. The video and the new sensor data will
be synchronized so the annotation using the video will have a direct correspondence with the new
modality raw data. A mock-up of this annotation tool is shown in Figure 21.

Figure 21: Annotation tool mock-up

In addition, a graphical user interface will be implemented with the purpose of facilitating the use of
Transfer Learning. From this interface, the user will be able to select which modalities will be used as
source domain (well-known modality) and target domain (new modality). To that end, the interface
will provide a way to select the source domain modality from the ones provided with the Platform or
one available locally (for example face) and the target domain database from a local folder. In the
end of the process, the calculated model for the new modality (target domain) will be stored in the
proper component (a storage place for the new modality model will be established in order to be
used by the ES SC). During the transfer learning process, several parameters can be tuned and the
process can take a lot of time. Thus, a way to prune the search space of these parameters will be
added in order to reduce the training time from the graphical user interface. The interface could
allow the selection of different configurations at the same time (in that case, an estimate time will be
provided). Figure 22 shows a mock-up of a version of the Transfer Learning Tool which allows only
one configuration. The parameters under consideration are shown below:
•
•
•
•

•

Feature selection: Variance-based, L1-based, Tree-based
Clustering: K-means, mean scale-invariant feature transform (SIFT), spectral clustering
Number of clusters: a scale from 30 to 100 (steps of 5) will be considered
Machine Learning technique:
o Least Squares Metric Learning
o Neighbourhood Components Analysis
o Local Fisher Discriminant Analysis
SVM parameters:
o C: from 1 to 10000
o Kernel: Linear, Gaussian and RBF
o Gamma: from 0.001 to 10

Contract No.: 687772

Page 47 of 6

D6.4 – Synchronous and asynchronous collaboration among platform agents

Figure 22: Transfer Learning Tool mock-up

Finally, the results of this process will be shown. Figure 23 represents an example of the possible
information that will be displayed to the developer after the finalization of the process. All the
information to be provided will be extracted from the SVM classification result (confusion matrix,
accuracy, etc.). Furthermore, distance between distributions of the source and the target domain
after and before the Transfer Learning could be also displayed (not included in the mock-up).
Moreover, plots about the distribution that depict if the Transfer Learning training is meaningful and
which is the distance of mean feature vectors between the two domains will be provided. Finally, the
button “Save Model” will store the model into the corresponding component, as mentioned
previously.

Figure 23: Result interface mock-up

In order to accommodate the integration of these functionalities to the MaTHiSiS ecosystem, the
Sensorial Component (Deliverables D4.1 MaTHiSiS Sensorial Component [55] and D4.2 MaTHiSiS
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Sensorial Component [56]) needs to be modularized, in order to accept the injection of a new
modality to the system. To this end, the standardized procedure involving 4 (desktop) modalities will
be extended in two axes:
•

•

On the interface level, the Experiencing Service SC interface will include an installation
button to insert and name a new modality to the system, where the desktop Sensorial
Component running behind the interface will create the premise to use the new modality.
The ES PA interface will also be updated in order to (a) allow modular selection of modalities
instead of the current predefined selection and (b) prompt for the declaration of Sensor
types (see Section 4.4) that may aid transfer learning based on common sensorial input in
known versus new modalities.
On the backend level, insertion of a new modality will include loading the newly produced
model of the new modality to the Sensorial Component. To this end, the Sensorial
Component needs to undergo a major generalization and modularization update, in order to
be able to accept, install and use new models for new modalities, best on the sensorial input
type of the new modalities.

4.3 Modelling of PAs based on User Experience
MaTHiSiS can be delivered via a range of platform agents. It will eventually be possible for learners to
interact with MaTHiSiS platform in individual scenario or collaborating with each other by using
not only different versions of the same type of platform agent but also different types of platform
agent. However, teachers may be overwhelmed by the range of different agents available and not
sure how to make the best choice. With regard to this selection, the modelling of the devices used to
deploy learning content in MaTHiSiS will facilitate the decision making when a new PA will be
introduced in the learning environment (or even into the MaTHiSiS platform). In order to model the
characteristics of and differences between the different platform agents available, several attributes
were identified from interviews with teachers and from some earlier work by Hedgecock [57]. These
characteristics have been used to constitute a questionnaire which has been circulated among
teachers participating in MaTHiSiS pilots. By using it, reliable information about the user experiences
when using different PAs will be obtained. The questionnaire used during the assisted pilot phases
can be consulted in annex 7.1. An analysis of the answers will be reported in the next version of this
deliverable (D6.5) to be published in 2018.

4.4 LAO modelling for asynchronous collaboration
LAO has been extensively extended to accommodate transfer learning and the Sensorial
Component’s modularization through the introduction of the Learning Material Interaction
Attributes sub-category, under the Learning Experience context, and the update of the Sensor
category, and relevant properties and axioms. Figure 24 portrays the LAO updates relevant to
transfer learning for asynchronous collaboration.
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Figure 24: LAO categories for transfer learning

Learning Material (LM) Interaction Attributes can be defined by the LM developers and attached as
metadata to the application. When these LMs are injected to a MaTHiSiS learning experience, the
transfer learning algorithms can use the interaction mode of the LM to aid classification between
different modalities, depending on whether the LMs that are commonly used in the known and new
modalities are audio-based, visual, touch-based, etc.
Similarly, the Sensors that are used in known and new modalities can be declared through the
Experiencing Service client interface, in order to help identify commonalities in modalities that use
the same types of devices for obtaining sensorial input, e.g. cameras, microphones, touchpads etc.
Platform Agents (PAs – or Actuators as per LAO) are connected to Sensors through the universal
quantification Actuator ⊆ ∀ hasSensor.Sensor.
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5. Conclusion
This document shows several technical and theoretical works conducted up to December 2017 in
Task 6.3: Synchronous Collaboration among platform agents and Task 6.4: Asynchronous
Collaboration among platform agents. Firstly, the theoretical background about collaboration among
learners serves as first explanation about the implementation of this concept in MaTHiSiS context.
Afterwards, the technical development perform to enable the management of this multi-learner
scenario is included. Moreover, the modelling of collaboration styles of the learners has been studied
and an initial plan for its implementation has been provided.
In connection with the asynchronous collaboration, this document underlines the effort of the
consortium in order to provide a tool which will allow the re-usability of knowledge acquire from the
PAs exploited in the platform until now. This idea has been divided into two main concepts: transfer
learning and modelling of PAs. Transfer learning techniques allow the use of data gathered through
different sensorial component modalities in order to facilitate the addition of new sensors in the
future, making use of the knowledge sharing. On the other hand, a questionnaire has been defined to
analyse the user experience while interacting with the PAs utilized by MaTHiSiS platform. This
information will allow the modelling of these PAs, providing useful information for the decision
making when a new PAs will be integrated in a learning environment. It is important to mention that
this modelling will be performed taking into account special needs of the learners.
To sum up, it is important to note that the multi-learner scenario has been successfully implemented
in the platform and further validation will be performed in order to improve its efficiency. This
implementation includes not only back-end components (such as the DSS and the LGE) but also the
communication channel and the first LMs which will be used to validated this scenario both
technically and pedagogically. Moreover, extra LMs will be implemented and tested in order to
include them as an important part of the last piloting phase. In addition, the mechanisms needed to
use transfer learning for the benefit of MaTHiSiS components’ re-usability has been implemented
and validated. As future work, a concrete plan to integrate the analysis of collaboration styles has
been defined taking into account experts’ feedback, within and outside the consortium. Moreover,
data provided by teachers through the corresponding questionnaire will be analysed by pedagogical
partners in order to validate the modelling of the PAs based on user experience. Finally, the interface
to integrate transfer learning into the platform has been defined and it will be shortly conducted.
A new version of this deliverable (D6.5) will be submitted in September 2018 will report the work to
be done in the next months of the project.
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7. Annexes
7.1 User experience’s questionnaire

PAs questionnaire

Start of Block: Teacher questionnaire on Platform Agents (PAs)

Q28 Teacher questionnaire on Platform Agents (PAs)
Q8 Use case

▢
▢
▢
▢
▢

Mainstream Education (ME) (1)
Autistic Spectrum (AS) (2)
Profound Multiple Learning Difficulties (PMLD) (3)
Industrial Training (IT) (4)
Career Guidance Distance (CGD) (5)
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Q9 Device/Platform Agent (PA)

o Computer (1)
o Tablet (2)
o Smartphone (3)
o TurtleBot (4)
o NAO robot (5)
o Interactive WhiteBoard (6)
End of Block: Teacher questionnaire on Platform Agents (PAs)
Start of Block: Intro
Q29 In this survey there is a list of characteristics of educational technology with a description of
each one. Some of the devices we have been using in the project have high levels of a characteristic
and some have none. For example, NAO robots have a high level of expressivity in that they have
several behaviours that emulate the communication channels of humans such as speech, hearing,
making eye contact. In contrast, tablets do not. Thinking about this particular use case (mainstream,
autistic spectrum etc.), please can you rate each of these in terms of first of all, how much you think
the characteristic applies to the device and then, how much your learners liked working with the
device (PC, laptop, tablet/smartphone, TurtleBot, NAO robot, interactive whiteboard) because of this
characteristic.
For example, when answering the question on appearance, if you thought the device looked like
something with which your learners are already familiar (maybe the robot looks like a well-known
cartoon character) you would select a 4 or 5 depending on how familiar you thought the appearance
was. On the other hand, you might think the TurtleBot did not look like anything which they already
knew. In this case you would select a 1 or a 2. Select 3 if you can’t decide or if you think the device is
about average on this characteristic.
When you come to the second part of the question, however familiar in appearance the device was,
you need to select a 4 or 5 if the amount it looked like something with which they were familiar led
to them liking it a lot. For example, you may have given the tablet a high score on the first part of the
question and your learners liked working with the device just because in appearance, it looked like
something familiar. On the other hand, you might think the TurtleBot did not look like anything
which they already knew and this strangeness might have meant they didn’t like working with it. In
this case you would select a 1 or a 2. Select 3 if you can’t decide or if you think their level of liking the
device is about average.
Q2 Have you used this PA with MaTHiSiS?

o Yes (1)
o No (2)
Skip To: End of Block If Have you used this PA with MaTHiSiS? = Yes
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Q4 Have you used this PA before and know how to use it?

o Yes (1)
o No (2)
Skip To: End of Survey If Have you used this PA before and know how to use it? = No
Skip To: End of Block If Have you used this PA before and know how to use it? = Yes

End of Block: Intro
Start of Block: 1. Familiarity
Q30 Familiarity. The degree to which your learners are familiar with using the device
Q6 How would you rate your learners’ familiarity with using this device?

o 1 - Total absence of this characteristic (1)
o 2 (2)
o 3 (3)
o 4 (4)
o 5 - Highest level you would expect from the device (5)
Q7 How much did your learners like working with the device because of their level of familiarity with
it?

o Dislike a great deal - Learners did not like device at all (1)
o Dislike somewhat (2)
o Neither like nor dislike (3)
o Like somewhat (4)
o Like a great deal - Learners expressed the highest possible level of liking for this device (5)
End of Block: 1. Familiarity
Start of Block: 2. Appearance
Q31 Appearance. The degree to which the device looks like something with which your learners are
already familiar, or usually use or see.
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Q10 How would you rate this device’s appearance in terms of how much it looked like something
with which your learners are already familiar or usually use or see?

o 1 - Total absence of this characteristic (1)
o 2 (2)
o 3 (3)
o 4 (4)
o 5 - Highest level you would expect from the device (5)
Q11 How much did your learners like working with the device because of its familiar appearance?

o Dislike a great deal - Learners did not like device at all (1)
o Dislike somewhat (2)
o Neither like nor dislike (3)
o Like somewhat (4)
o Like a great deal - Learners expressed the highest possible level of liking for this device (5)
End of Block: 2. Appearance
Start of Block: 3. Expressivity
Q32 Expressivity. The degree to which the device has communication channels that emulate those of
humans such as speech, hearing, making eye contact.
Q12 How would you rate this device’s expressivity?

o 1 - Total absence of this characteristic (1)
o 2 (2)
o 3 (3)
o 4 (4)
o 5 - Highest level you would expect from the device (5)
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Q13 How much did your learners like working with the device because of this level of expressivity?

o Dislike a great deal - Learners did not like device at all (1)
o Dislike somewhat (2)
o Neither like nor dislike (3)
o Like somewhat (4)
o Like a great deal - Learners expressed the highest possible level of liking for this device (5)
End of Block: 3. Expressivity
Start of Block: 4. Feedback provided
Q33 Feedback provided. The degree to which the device provides feedback on the user’s response.
Q14 How would you rate this device’s level of feedback?

o 1 - Total absence of this characteristic (1)
o 2 (2)
o 3 (3)
o 4 (4)
o 5 - Highest level you would expect from the device (5)
Q15 How much did your learners like working with the device because of this level of feedback?

o Dislike a great deal - Learners did not like device at all (1)
o Dislike somewhat (2)
o Neither like nor dislike (3)
o Like somewhat (4)
o Like a great deal - Learners expressed the highest possible level of liking for this device (5)
End of Block: 4. Feedback provided
Start of Block: 5. Output
Q34 Output. The number of channels through which the device is able to give feedback to the
learner. For example is it just through a single channel (e.g. auditory or visual) or through more than
one channel (e.g. auditory and visual)?
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Q16 How would you rate this device in terms of its ability to give feedback through more than one
channel?

o 1 - Total absence of this characteristic (1)
o 2 (2)
o 3 (3)
o 4 (4)
o 5 - Highest level you would expect from the device (5)
Q17 How much did your learners like working with the device because of the number of feedback
channels it has?

o Dislike a great deal - Learners did not like device at all (1)
o Dislike somewhat (2)
o Neither like nor dislike (3)
o Like somewhat (4)
o Like a great deal - Learners expressed the highest possible level of liking for this device (5)
End of Block: 5. Output
Start of Block: 6. Location
Q35 Location. The degree to which the device is limited to a particular location (e.g. NAO robot or
TurtleBot can’t be taken home by learners. PCs may only be accessible in one room in the school).
Q18 How would you rate this device in terms of its ability to be used by learners in different
locations?

o 1 - Total absence of this characteristic (1)
o 2 (2)
o 3 (3)
o 4 (4)
o 5 - Highest level you would expect from the device (5)
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Q19 How much did your learners like working with the device because of the degree to which it
could be used in different locations?

o Dislike a great deal - Learners did not like device at all (1)
o Dislike somewhat (2)
o Neither like nor dislike (3)
o Like somewhat (4)
o Like a great deal - Learners expressed the highest possible level of liking for this device (5)
End of Block: 6. Location
Start of Block: 7. Control interface
Q36 Control interface. Whether the device has sufficient options for how it is controlled (e.g. voice
command, gesture, touchscreen, keyboard) so that it can be used by the majority of your learners
whatever their age, motor ability, etc.
Q20 How would you rate this device in terms of its ability to provide sufficient control options for
your learners?

o 1 - Total absence of this characteristic (1)
o 2 (2)
o 3 (3)
o 4 (4)
o 5 - Highest level you would expect from the device (5)
Q21 How much did your learners like working with the device because of the range of control
interfaces it has?

o Dislike a great deal - Learners did not like device at all (1)
o Dislike somewhat (2)
o Neither like nor dislike (3)
o Like somewhat (4)
o Like a great deal - Learners expressed the highest possible level of liking for this device (5)
End of Block: 7. Control interface
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Start of Block: 8. Usability of control
Q37 Usability of control. The degree to which the device can be controlled easily by the majority of
your learners whatever their age, motor ability, etc.
Q22 How would you rate this device in terms of the usability of its controls?

o 1 - Total absence of this characteristic (1)
o 2 (2)
o 3 (3)
o 4 (4)
o 5 - Highest level you would expect from the device (5)
Q23 How much did your learners like working with the device because of its level of usability?

o Dislike a great deal - Learners did not like device at all (1)
o Dislike somewhat (2)
o Neither like nor dislike (3)
o Like somewhat (4)
o Like a great deal - Learners expressed the highest possible level of liking for this device (5)
End of Block: 8. Usability of control
Start of Block: 9. Mobility
Q38 Mobility. The degree to which the device can be made to move.
Q24 How would you rate this device in terms of the ability to make it move?

o 1 - Total absence of this characteristic (1)
o 2 (2)
o 3 (3)
o 4 (4)
o 5 - Highest level you would expect from the device (5)
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Q25 How much did your learners like working with the device because this level of locomotion suited
your purpose?

o Dislike a great deal - Learners did not like device at all (1)
o Dislike somewhat (2)
o Neither like nor dislike (3)
o Like somewhat (4)
o Like a great deal - Learners expressed the highest possible level of liking for this device (5)
End of Block: 9. Mobility
Start of Block: 10.Age appropriateness
Q39 Age appropriateness. The degree of appropriateness of the device (design, appearance,
responses) to the age group with which you are working. Please, include the information concerning
the group involved.
Q26 With which age group do you work? Please, enter it in the format of this example (for the age
group between 5 and 10 years old): 5-10
________________________________________________________________
Q27 How would you rate this device in terms of its age appropriateness?

o 1 - Total absence of this characteristic (1)
o 2 (2)
o 3 (3)
o 4 (4)
o 5 - Highest level you would expect from the device (5)
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Q40 How much did your learners like working with the device because of its age appropriateness?

o Dislike a great deal - Its age appropriateness made the device totally unsuitable (1)
o Dislike somewhat (2)
o Neither like nor dislike (3)
o Like somewhat (4)
o Like a great deal - Its age appropriateness made the device totally suitable (5)
End of Block: 10.Age appropriateness
Start of Block: 11.Cost
Q41 Cost. How much it costs to buy and maintain the device.
Q42 Estimated cost of the device (ask the researcher for advice if you don't know the cost).
________________________________________________________________
Q43 How would you rate this device in terms of the cost to buy and maintain it?

o 1 - Well within school equipment budget (1)
o 2 (2)
o 3 (3)
o 4 (4)
o 5 - Too expensive for school (5)
End of Block: 11.Cost
Start of Block: 12.Value for money
Q44 Value for money. The worthiness and value that a device offers to the school and its students
compared to its cost.
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Q45 How would you rate this device in terms of its value for money?

o 1 - Not enough value for money to make it worth it (1)
o 2 (2)
o 3 (3)
o 4 (4)
o 5 - Great value for money makes it very worth it (5)
Q46 How much did you like working with the device because of its value for money?

o Dislike a great deal - Its value for money made the device totally unsuitable (1)
o Dislike somewhat (2)
o Neither like nor dislike (3)
o Like somewhat (4)
o Like a great deal - Its value for money made the device totally suitable (5)
End of Block: 12.Value for money
Start of Block: 13.Robustness
Q47 Robustness. Ability of the device to function reliably in the setting in which you are using it.
Q48 How would you rate this device in terms of its robustness?

o 1 - Total absence of this characteristic (1)
o 2 (2)
o 3 (3)
o 4 (4)
o 5 - Highest level you would expect from the device (5)
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Q49 How much did you like working with the device because this level of robustness suited your
purpose?

o Dislike a great deal - Its robustness made the device totally unsuitable (1)
o Dislike somewhat (2)
o Neither like nor dislike (3)
o Like somewhat (4)
o Like a great deal - Its robustness made the device totally suitable (5)
End of Block: 13.Robustness
Start of Block: 14.Ease of set up
Q50 Ease of setup
Q51 How would you rate this device in terms of the ease with which you can set it up?

o 1 - Total absence of this characteristic (1)
o 2 (2)
o 3 (3)
o 4 (4)
o 5 - Highest level you would expect from the device (5)
Q52 How much did you like working with the device because this level of ease of set up suited your
purpose?

o Dislike a great deal - Its ease of setup made the device totally unsuitable (1)
o Dislike somewhat (2)
o Neither like nor dislike (3)
o Like somewhat (4)
o Like a great deal - Its ease of setup made the device totally suitable (5)
End of Block: 14.Ease of set up
Start of Block: 15.Others
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Q53 Are there any other characteristics of the device you think we should have included? Please, list
any other characteristics that were considered important in the user experience of the learners while
interacting with the device.
________________________________________________________________
Q54 Do you have any other comments? Please, enter them below.
________________________________________________________________
End of Block: 15.Others
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