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Executive summary

Algebraic Machine Learning (AML) is a novel machine learning technique based on algebraic representa-
tions of data. Unlike statistical learning, AML algorithms are robust regarding the statistical properties
of the data and are parameter-free. AML systems can retain what they learn, including sociocultural
ethical practices for human-artificial intelligence systems. The aim of the EU-funded ALMA project
is to study the mathematical properties of AML and to leverage them to develop a new generation of
interactive human-centric machine learning systems. These systems are intended to minimize bias in
order to facilitate trust while better enabling distributed collaborative learning.

This report corresponds to Deliverable D4.2 - Human-AML Interaction (Revised) of the ALMA project.
The goal of this deliverable is to give insight into current research on exploring machine learning model
capabilities and making them more accessible to end-users. While there are a number of factors involved
in educating and empowering end-users of machine learning applications like AML, we focus in this
deliverable mainly on interactive and active machine learning and its potential for increasing machine
learning literacy.

We further provide insights in how to apply these paradigms to AML and present an outlook of the used
principles applied in D4.8 - Working Prototype and Designs (Revised).
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1 Introduction

The goal of this deliverable is to give insight into current research on exploring machine learning model
capabilities and making them more accessible to end-users. While there are a number of factors involved
in educating and empowering end-users of machine learning applications like AML, we focus in this
deliverable D4.2 - Human-AML Interaction (Revised) mainly on interactive and active machine learning
and its potential for increasing machine learning literacy.

The previous deliverable D4.1 - Human-AML Interaction (Initial) focused mainly on the interaction be-
tween human and machines and discussed the underlying concepts such as Grounding and Human-centered
Ezxplainability. We indicated how to expand on this notion by introducing more cognitive theories, such
as theory of mind, which potential we briefly outline in section 2. However, since the previous deliverable
we shifted our focus more towards making algebraic machine learning (AML) easier to understand, train
and apply in a creative context. The interaction paradigm we applied to make AML more accessible is
Interactive Machine Learning (Interactive Machine Learning (IML)) allowing users to gradually train a
model through interaction on a particular task. This enables users to better understand the potentials
and limitations of ML approaches while also making them more accessible to a wider audience. We
present insights into the active machine learning and machine teaching paradigms, emphasizing the im-
portance of end-user participation in each teaching step of complex machine learning models in order to
make them more understandable and applicable to real-world applications. We finalize with the potential
of such interactive approach for ML literacy, which has received increased attention in recent years due
to the proliferation of ML applications in everyday use.

To summarize, we will first introduce the concept of theory of mind and how it relates to human-machine
interaction (section 2), before outlining current work on interactive machine learning (section 3.1), active
machine learning (section 3.2), machine teaching (section 3.3), and finally ML literacy (section 3.4). We
will highlight how each of these concept could be applied to AML and refer further to deliverable D4.8 -
Working Prototype and Designs (Revised) as an existing example.

2 Theory of Mind and AML

In the last deliverable we suggested to extend our investigation of Human-AI collaboration towards
cognitive concepts like Theory of Mind. Previous work supports that successful cooperation in groups
depends on the capacity of every participant to interpret one’s own knowledge and understanding as well
as the understanding of other collaborators [1].

The study of cognitive development is where the subject of theory of mind first emerged. It is concerned
with the capacity to assign mental states to oneself and others, as well as the understanding that these
mental states may vary [2]. Understanding mental states—which might be beliefs, intentions, knowl-
edge, desires emotions, or perspectives—lays the groundwork for grounding, which was discussed in the
previous deliverable D4.1 - Human-AML Interaction (Initial). Humans can forecast their collaborators’
forthcoming actions and deduce the goals and understandings of those collaborators by being able to read
their mental states. Although the majority of theory of mind research has concentrated on developmental
psychology, a growing body of literature supports the concept’s significance for group behavior [3], and
group cognition [4], and human-machine collaboration [2]. Human—machine interaction nevertheless is
often limited by the level of ability to interpret the ‘mind’ of machines, on account of their different,
sometimes unexpected, behaviour. Due to machines’ occasionally surprising behaviours, human-machine
interactions are often limited by the lack of understanding the “mind” of machines. Users continue
to treat new technological encounters similarly to how they approach other people, attributing them
with their own expectations and social structures [5, 2]. Due to systems inability to understand both
their own and other people’s mental states this is a common source of misunderstanding and failure in
human-machine interaction.
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In the context of designing collaborative machine, three skills should be considered [6]:

1) Interpreting one’s own mental states: To enable an intelligent machine to interpret its own mental
states, a computational understanding of and access to intentions, desires, beliefs, knowledge, and perspec-
tives are required. At any point during collaboration, a group member’s mental state may be influenced
by the content of the conversation, the situation, and information about the current goal. In order to de-
crease the complexity of the problem space through reducing the number of objectives, requirements, and
intent involved, the majority of AI applications have been restricted to specific activities.However, this
also decreases the machine’s capacity to adjust to evolving settings like those observed during a discus-
sion, when it is essential to expand the current belief space. The constraint of single-purpose systems has
been addressed in recent collaborative machine learning techniques [7]. To provide cohesive information
about a situation, various sources however must be well-integrated with one another [8]. AML allows to
share knowledge across users and to integrate different types of human knowledge through embeddings.
It further allows to interpret and explain the predicted results by analyzing the trained atoms. The atoms
are the closest one can possibly get to the general idea of a machine’s own mental state.

2) Interpreting others’ mental states: Humans are always attempting to assign mental states to other
collaborators in order to predict their next behavior [2]. Iterative discussions are made possible by this
kind of reasoning. The capacity to follow a common line of reasoning is referred to as incremental
conversation, and it serves as the foundation for all argumentation and subsequent debate in human-
human interactions. Identifying and predicting human intention [9, 10] and actions [11, 12, 13] is a major
focus of machine learning and Al research in the last decade. Other deliverable presented in this project
consortium, such as work presented in WP5, provide first insights into behavior predictions with AML
as well as highlight the ethical considerations of doing so.

3) Predicting subsequent behavior: Prediction of future behavior may be viewed from two perspectives,
much like the interpretation of another person’s mental state: When interacting with intelligent systems,
humans tend to approach them with a certain set of underlying preconceptions, which frequently results in
disrupted experiences brought on by unanticipated system behaviour [2, 14]. Researchers are striving to
identify the data required for forecasting the behaviour of machines. In the research by Chandrasekaran
et al. [2] on how humans perceive Al minds, it was shown that even when given knowledge about the
AT’s inner mental states, such as certainty and attentiveness, people were unable to anticipate the Al’s
upcoming action. One driving aspect is explainability, and recent work has shown how explainable Al as
well as human-centered explainability can help user to better understand and predict machine behavior,
as discussed in more detail in the previous deliverable where we also outline the potential of AML to
support explainability overall.

Overall the field of theory of mind in the context of Al is constantly growing and work bridging cognitive
science and Al research are becoming more frequent. In this context we would like to highlight Langley et
al.’s work on “Theory of mind and preference learning at the interface of cognitive science, neuroscience,
and AI: A review ” [15], which outline the potential of such cognitive models for developing more powerful
Al. Based on the above analysis we can see potential for new approaches like AML to play a role in such
developments in the future.

3 Integrating Humans into Intelligent Systems

There are different levels of user engagement when developing Al agents. Traditional “Human-in-the-
loop” [16] approaches treat users as a component of the system, either as a source of data or a source of
error. Rafner et al. [17] distinguish between “Human-In-The-Loop” (HITL) systems that plan, execute
or evaluate data acquisition tasks and “Human-On-The-Loop” (HOTL) systems that require a human
to check the results [18]. They contrast these with “Human-Out-Of-The-Loop” (HOOTL) systems that
do not include human users at all [19]. The latter argues that AI will save users time and effort that
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they will be able to expend on more interesting cognitive tasks. However, this detachment of the training
leads to a number of wrong assumptions about human needs as well as system capabilities.

A number of work on AML have so far used humans as data sources or to validate the results. Putting
AML in a more interactive context revealed a lack of understanding about how AML learns and the
potentials it provides for creative professionals. As a result, we believe there is a greater need to involve
the user in the AML process in order to gain a better understanding of the algorithm’s capabilities and
limitations.

We therefore turned to interactive machine learning approaches to involve the user more into the training
process as well as allowing them to iterate on the system to adapt it’s predictions to the desired outcome.
In order to outline work in this field relevant to AMI further, we will start introducing some background
on interactive machine learning (IML) and active learning, before going deeper into current insights of
machine teaching and it’s potential to increase machine learning literacy for non-expert users.

3.1 Interactive Machine Learning

According to Fails et al. Interactive Machine Learning (IML) is a framework that enables the end-user
to engage with a machine learning algorithm by examining its capabilities and correcting its errors [20].
This opens several research directions addressing human and machine relations during the learning and
application process. The ability to personalize IML systems enables experts who lack machine learning
competence to integrate their knowledge by modifying the data and correcting model predictions. This
allows domain experts such as medical doctors to get involved in the development and training of knowl-
edge systems for health [21, 22, 23]. Due to the high degree of control applied during training and the
ability to catch errors before deployment, this not only increases the recommender systems’ transparency
but also their trustworthiness and applicability for the domain expert.

The Crayons [20] application was one of the earliest IML programs that tried to teach an algorithm
how to segment objects in an image. Users can annotate images to further define model partitions once
the algorithm offers a segmentation. The technique is iterative since the user alternately examines the
model forecast and adjusts the partition using paint stroke, which improves the overall model accuracy.
However, in order to create systems that may be used as tools, IML requires workflows centered on
contextual human working practices which can be challenging for some ML approaches [24].

Nevertheless there are a number of successful examples of applying IML to different professional domains
such as music or design. Using user-generated examples as a starting point, Laguna et al. [25] focused on
how musicians might construct and explore gesture-sound mapping made with IML. Instead of computing
the mapping evaluation from a validation set, expert-user insights were used instead to provide more
control the musician. In our deliverable D4.8 - Working Prototype and Designs (Revised), we take a
similar approach, where we allow users to record their own data set to train the AML model.

Earlier studies on the creation of musical instruments suggested interactive machine learning as a tool for
iterative design, allowing artists to, for example, map gestures and sensor information to a sound synthesis
system [26, 27, 28]. Thereby researchers discovered that non-ML experts often utilize a different strategy
than ML engineers would [28] by using quantitative metrics and direct evaluations between the data they
provided and the objective of the model. In line with earlier research, we use gesture-based interaction
with AML as a use case to allow musicians to explore new sound pattern using IML.

One challenge in IML is the evolution of the users perception or intention during the ML processes
resulting in potentially inconsistent labeling [29]. To reduce such inconsistencies, Kulesza et al. proposed
a tool to provide structure to the labeling process [30]. Researchers have highlighted the possibility of
explanations for enhancing labeling consistency in addition to structuring the process [31]. For example,
through the design of an email classification system, they demonstrated how describing the classification
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to the user may improve both their understanding of the learning system and their ability to correct
algorithmic errors quickly.

A review of different application domains of IML showed further that the IML framework can be ben-
eficial for both, users and the learning model, since it allows users to more thoroughly comprehend the
"blackbox” model and to form more nuanced critical opinions about the system outputs [32].

3.2 Active learning for machine teaching

Human-Robot Interaction has been the main area where active learning (AL) for machine teaching has
been studied thus far. In recent years, mixed-initiative active learning(Mixed-Initiative Active Learning
(MIAL)), i.e. the ability of a system to contribute own queries, has drawn increasing interest from the
human-computer interaction(Human-Computer Interaction (HCI)) community [33]. In MIAL there are
two major distinctions: system-triggered and user-triggered query contributions.

In related studies, participants e.g. used two colored papers with varying form, size, and color to teach
systems concepts like "house.” They showed that completely supervised learning outperformed random
sampling, however limited the users input [33]. In a follow up study they showed that MIAL performed
on equal with active learning but was favored in terms of user engagement. AL mode by itself was seen
to be obtrusive and to “negatively affect the teacher’s mental model” [34]. Since user-triggered MIAL
allows the teacher ”full control of the interaction,” it was preferred over learner-triggered MIAL based
on a number of dimensions, including perceived robot intelligence, ease of teaching, and enjoyment. This
preference correlated with the ability of active learning to more precisely predict system performance
than supervised learning. Overall, they observed that balancing control early in the learning process
and removing unnecessary queries made it easier to increase collaboration, and that user-triggered active
learning was the one that participants preferred the most because the interaction appeared natural and
simple, despite being thought to be less effective than the other two active conditions.

Data acquisition in active incremental learning: A special aspect of active learning is the data acquisition
strategies. Commonly, AL selects the optimal sequence of instances from a pool of data for training, which
is not appropriate for fully customized use cases because the data required is not known in advance.
Alternative AL algorithms have been put forth in the literature, such as stream-based AL, which “makes
immediate query decisions at each instance during a single scan of the data stream” [35]. The algorithm
determines whether to query or eliminate a sample at each point in a sequence. Because of this, on the
one hand, expensive calculations over huge datasets are not necessary, while on the other hand, stream-
based learners disregard the underlying data distribution [36]. However, this is less of a concern for the
proposed AL with AML. First, in a fully personalized AL approach, where a user teaches a model from
the beginning, the distribution of the future examples is often unknown and second, AML is a model
based on combinatorial optimisation with algebras that does not base their predictions on the algebraic
representation of the problem.

3.3 Machine Teaching

The term "machine teaching” (Machine Teaching (MT)) originally referred to a theoretical mathematics
problem in which the objective was to determine the smallest number of examples required to make an
ML algorithm achieve a pre-defined target state [37, 38, 39, 40]. The study of machine teaching (MT) is
connected to human-centered ML research [41], as well as human-robot interaction [42, 43|, in which a
robot is taught a set of tasks by a person. It can be viewed as the opposite of the general machine learning
(ML) approach, which commonly seeks to identify a model’s final state and tries to “make the learner
better by improving ML algorithms” [44]. Instead, MT aims to “make the teacher more productive at
building machine learning models” [44]. The HCI-centered approach to MT typically uses non-expert
users as teachers such as developers, domain experts, or even the general public. It aims to increase the
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level of knowledge on and about ML technologies, often referred to as ML literacy, to a larger community.
In order to address the growing need for intelligent and predictive systems with qualified machine teachers
who wouldn’t need to be familiar with the underlying technology, researchers argued that research should
make the interactive process of teaching machines “easy, fast, and universally accessible” [44].

However, there is still lack of research exploring how humans can actually “teach” machines. In order to
address this lack of knowledge researchers have turned to ML practitioners to identify applicable strategies
as well as observed end-user strategies in a number of experiments. For instance, Hohman et al. found
that ML practitioners generally improve model performance by iterating on their data (e.g., gathering
extra data, adding labels), as opposed to iterating on the model’s architecture and hyper-parameters.
The authors presented a prototype for managing various data iterations and highlighted common types
of data iterations. [45].

Focusing on end-users, Hong and colleagues conducted experiments on how participants would use their
own mobile pictures to train and deploy a image recognition software [46]. One key finding was that
participants provided a wide range of images of the same item rather than comparable sample images,
which the authors ascribe to human recognition methods that are often independent of size, viewpoint,
position, and lighting. A recent think-aloud study [47] looked at how adult novices teach an image clas-
sifier using sketches created by participants. The results highlighted how users’ strategies and knowledge
changed as they learned how to use the system, emphasizing how novices’ comprehension is impacted
by the optimization inertia of NN. The authors propose directing end-users more towards strategies that
structure the training examples in order to progressively add complexity to the training set. Along the
same line, Cakmak et al. investigated how users spontaneously train a binary classifier using examples
from a limited range of combinations and discovered that participants did not spontaneously produce the
best teaching sequences to increase model accuracy [42]. They argue that automated guidance can help
improve this result.

Combining both, Wall et al. studied how ML expert comments and teaching approaches might be used to
create advice for novices in the process of training a classifier [48]. While the provided advice to novices
during the training process did not necessarily improved the classifiers performance, it was perceived as
less difficult and more structured by the participants.

In our proposed interactive AML pipeline in D4.8 - Working Prototype and Designs (Revised), we apply
this knowledge by providing a guiding step-by-step progression divided into four separate interfaces. The
pipeline employs an AL approach to teach ML models user-defined gestures. We accomplish this by
giving the end-user the ability to define, record, and delete self-specified training data. We also provide
users with the ability to add more training data at any stage, as recommended by existing literature. In
later stages, we visualize the trained models’ accuracy and allow the user to adapt and compare different
model results. We apply these models directly to an application, in this case sound exploration, and
allow the user to retrain and adapt any stage of the process using the tools provided.

3.4 Machine Learning Literacy

There is an increasing need and amount of work on how to educate end-users to better understand and
reflect on ML technology, which includes data literacy (see review [49]), Al literacy (see review [50, 51])
and overall digital literacy (see review [52]). IML has been utilized as one approach to obtain deeper
understanding of ML mechanisms among novices due to its interactive and engaging nature. As a result,
a number of IML research focuses on establishing IML systems for ML teaching, or on how participation
with an IML system might lead to people learning about ML [53].

Some studies, for instance, used IML to help young children develop more ML literacy skills. In system
called Scratch, a visual programming language made specifically for kids [54], Agassi et al. [55] created
a gesture detection IML component to encourage kids to include gesture recognition into their Scratch
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project so they could independently gather gesture data and learn how to train the model. Research
showed that introducing kids early to ML processes, e.g. to train their own gesture-based recognition
system, can aid to better understand, reflect and critically think about ML applications in the real
world [56]. Sanchez et al. have shown that these results can be transferred to adults using IML pipelines
like Marcelle [53, 57].

Following this premise, we created an active teaching application in D4.8 - Working Prototype and Designs
(Revised) to make AML more accessible to end users. Based on our previous experience with AML, we
believe there is a strong need for end-users such as creative professionals to be able to explore and better
understand new ML approaches such as AML. With the increased proliferation of ML applications and the
increased diversity of ML approaches, we should think more thoroughly about how to make more complex
models, such as AML, that are not intuitively understood, more accessible to a wider audience.

4 Discussion

This deliverable aims to provide background on recent studies investigating machine learning model
capabilities and increasing their usability for end users through active learning.

Continuing our last deliverable D4.1 - Human-AML Interaction (Initial), we provide insights into more
recent work on theory of mind in human—machine collaboration. We outline the three main concepts
involved in TOM and describe their relation to ML. While AML is still in it’s infancy, we see potential
for AML approaches to address these concepts in the future.

Given that AML is a relatively new ML approach with distinct strengths and weaknesses from other ML
approaches, we moved on to make these distinctions more understandable and explorable for users. We
introduced current work on interactive machine learning and active learning in this deliverable as a way
to involve end-users more in the ML process while also assisting them in exploring and making sense of
AML potentials. We then discussed active machine learning and how the ability to create and iterate on
teaching material for ML applications has great potential for increasing machine learning literacy.

We use this knowledge in our D4.8 - Working Prototype and Designs (Revised) prototype and plan to
expand its functionalities in the future to raise more awareness of these differences. Overall, we see a
need for more tools that assist end users in engaging with and comprehending complex machine learning
approaches such as AML. The value added by domain experts to the capacity of ML models is invaluable,
as described in existing literature, and the increasing application of ML models in complex human tasks,
such as health or art, necessitates greater involvement of these experts. There is a great opportunity to
apply ML approaches like AML, which allow for direct decoding of human knowledge as part of their
input, in a more interactive way with end-users. While our prototype is an initial attempt to make AML
more explorable and interactive, we believe that more work is required to help end-users fully control and
interact with complex AML models.

5 Conclusion

The goal of this deliverable D4.2 - Human-AML Interaction (Revised) is to provide background on recent
studies investigating machine learning model capabilities and increasing end user usability. We presented
insights from both a human-centric and cognitive-science-based perspective on developing a theory of
mind between humans and machines. We describe how interactive machine learning can aid in such
interactions in order to better understand ML models. We introduce the active learning and machine
teaching paradigms and discuss how such approaches could help make AML more accessible to a wider
audience. Finally, we emphasise the importance of machine learning literacy as a concept, particularly
for new and more complex ML approaches such as AML.
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