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Group Cognition and Collaborative Al
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Abstract Significant advances in artificial intelligence suggest that we will
be using intelligent agents on a regular basis in the near future. This chapter
discusses group cognition as a principle for designing collaborative Al. Group
cognition is the ability to relate to other group members’ decisions, abilities,
and beliefs. It thereby allows participants to adapt their understanding and
actions to reach common objectives. Hence, it underpins collaboration. We
review two concepts in the context of group cognition that could inform the
development of Al and automation in pursuit of natural collaboration with
humans: conversational grounding and theory of mind. These concepts are
somewhat different from those already discussed in Al research. We outline
some new implications for collaborative Al, aimed at extending skills and
solution spaces and at improving joint cognitive and creative capacity.

0.1 Introduction

The word ‘collaboration’ is derived from the Latin col- (‘together’) and lab-
orare (‘to work’). The idea of a machine that collaborates with humans has
fired the imagination of computer scientists and engineers for decades. Al-
ready J.R. Licklider wrote about machines and humans operating on equal
footing and being able to ‘perform intellectual operations much more effec-
tively than a man alone’ [59].

If there is a shared tenet among the visionaries, it is that the more complex
the activities become — consider, for example, planning, decision-making, idea
generation, creativity, or problem-solving — the more beneficial collaboration
is. However, although collaboration has received attention from research on
automation, robotics, Artificial Intelligence (AI), and Human-Computer In-
teraction (HCI), it can be safely said that most technology is not yet collab-
orative in the strong sense of the term. Humans are mainly in a commanding
role or probed for feedback, rather than parties to a mutually beneficial part-
nership. There is much that could be done to better use human abilities in
computational processes, and vice versa.



The topic of this chapter is group cognition: the ability to bring about
a common understanding among agents; relate to other agents’ decisions,
abilities, and beliefs; and adapt one’s own understanding toward a common
objective [82]. This goes beyond the common notion of a computer ‘under-
standing’ human intents and actions, and highlights the necessity of con-
textual awareness, the ability of communicating reasoning behind actions to
enable valuable contributions [50]. This, we argue, would result in human—
machine collaboration that not only is more efficient but also is more equal
and trustworthy.

We find group cognition particularly promising for re-envisioning what Al
might need to achieve for collaboration, because it meshes with a strong sense
of the concept of collaboration. Group cognition emerges in interaction when
the group members involved, humans or computers, share knowledge and
objectives and also dynamically and progressively update their understand-
ing for better joint performance. This captures one aspect of the essence of
machines that can be called collaborative.

Group cognition points towards various abilities necessary for collabora-
tion. In this chapter we ask which of these abilities are needed for collab-
orative Al’s. Among the many fields one might consider in the context of
collaborative behaviour, management psychology presents an extensive body
of research on how team members collaborate to solve common problems
together [46], while developmental psychology has looked more closely at col-
laboration as an evolving behaviour in humans [31]. By comparison, Al and
HCI research has looked at collaboration from the principal-agent perspec-
tive [64], in terms of dialogue and initiative [6], and as computer-mediated
human—human collaboration [34]. Perhaps the most significant advances re-
lated to algorithmic principles of collaboration in the field of computer sci-
ence have been made in the field of interactive intelligent systems [10, 81] and
human-robot interaction [76]. However, on account of its roots in psychology
and education, the concept of group cognition is rarely referred to within
computational and engineering sciences.

To this end, we provide definitions, examples, and discussion of impli-
cations of the design of such an AI, where ‘A’ refers mainly to machine
learning-based intelligent systems though not being limited to that sense.
We further discuss two key aspects of group cognition, by borrowing the con-
cepts of conversational grounding and theory of mind. Even though these
concepts overlap somewhat with each other, their use in combination does
not map onto any existing concept in Al research.

Recent advances in Al have shown capabilities that are clearly relevant
for group cognition, such as intent recognition [58], human-level performance
in problem-solving [24], and cognitive artificial intelligences [90]. However,
these capabilities do not trivially ‘add up to’ a capability of group cognition.
In contrast to previous thought, wherein machines have often been described
as extended minds or ‘assistants’, we hold that a system capable of group
cognition would better understand human actions as part of a joint effort,
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align its actions and interpretations with the interpretation of the group, and
update them as the activity evolves. A sense of dependability and common
cause would emerge, which would improve the trustworthiness of such collab-
oration. In this way, a system capable of group cognition could participate in
more open-ended, or ill-defined, activities than currently possible.

0.2 Definitions of Collaboration

We start by charting some definitions of collaboration. This groundwork
serves as a basis for reflecting on group cognition as a theory of social be-
haviour. In social sciences and philosophy, the key phenomenon in collabo-
ration is called intersubjectivity. Intersubjectivity refers to how two or more
minds inter-relate: understand each other and work together from their in-
dividual cognitive positions [83]. Some well-known social theories related to
intersubjectivity are mediated cognition [87], situated learning [55], knowledge
building [45], and distributed cognition [42]; D.J. Wood and B. Gray present
an overview of differences among these perspectives [91]. We illustrate these
differences with reference to a small selection of commonly accepted defini-
tions.

Collaborative work has been defined within the domain of organisational
work as ‘a mutually beneficial relationship between two or more parties who
work toward common goals by sharing responsibility, authority, and account-
ability for achieving results’ [19]. This definition is used to understand collab-
oration in companies and other organisations, and the focus has been mainly
on the outcome and values of team collaboration. Knowledge discovery in
problem-solving is emphasised in the definition of collaboration as ‘a con-
tinued and conjoined effort towards elaborating a “joint problem space” of
shared representations of the problem to be solved’ [9]. A third definition we
wish to highlight focuses on differences among the contributing actors. Here,
collaboration is ‘a process through which parties who see different aspects of
a problem can constructively explore their differences and search for solutions
that go beyond their own limited vision of what is possible’ [37].

In this chapter, we build on a fourth definition, from Roschelle and col-
leagues, who define collaboration as ‘a coordinated, synchronous activity that
is the result of a continued attempt to construct and maintain a shared con-
ception of a problem’ [71]. This definition builds on the notion of collaboration
as a cognitive action but also includes aspects of the previously mentioned
definitions. The latter definition originated in the field of collaborative learn-
ing. Some empirical evidence exists that such collaborative learning enhances
the cognitive capabilities of the people involved, allowing them as a team to
reach a level of cognitive performance that exceeds the sum of the individuals’
[9].



Collaboration also has to be distinguished from co-operation, a notion
that is at times used to characterise intelligent agents. Roschelle et al. sug-
gest that co-operative work is ‘accomplished by the division of labour among
participants, as an activity where each person is responsible for a portion
of the problem-solving’ [71], whereas collaborative learning involves the ‘mu-
tual engagement of participants in a coordinated effort to solve the problem
together’ [71]. Co-operation and collaboration differ also in respect of the
knowledge involved and the distribution of labour. To co-operate means at
least to share a common goal, towards whose achievement each participant
in the group will strive. But this is compatible with dividing the task into
subtasks and assigning a specific individual (or subgroup) responsibility for
completing each of these. We can conclude, then, that ‘to collaborate’ has a
stronger meaning than ‘to co-operate’ (in the sense of pursuing a goal that
is assumed to be shared). The former involves working together in a more or
less synchronous way, in order to gain a shared understanding of the task.
In this sense, co-operation is a more general concept and phenomenon than
collaboration.

Collaboration is a specific form of co-operation: co-operation works on the
level of tasks and actions, while collaboration operates on the plane of ideas,
understanding, and representations. In light of these definitions, research on
group cognition can be viewed as an attempt to identify a necessary mecha-
nism behind humans’ ability to collaborate.

0.3 Group Cognition: A Unifying View of Collaboration

The core research goal on group cognition has been to shed light on cognitive
abilities and social phenomena that together enable what is called ‘collabora-
tion’. The widely cited definition of group cognition alluded to above points
out three qualities: 1) an ability to converge to a common understanding
among agents; 2) an ability to relate to other agents’ decisions, abilities, and
beliefs; and 3) an ability to adapt one’s own understanding toward a common
objective during collaboration [82].

Research on group cognition has focused mostly on learning and ideation
tasks in small groups (of people). A group’s shared knowledge is claimed to be
constructed through a process of negotiating and inter-relating diverse views
of members. Participants learn from each other’s perspectives and knowledge
only by accepting the legitimate role of each within the collaboration. This
distinguishes group cognition from concepts such as extended cognition [35],
wherein other participants are vehicles for improving or augmenting the indi-
vidual’s cognition rather than legitimate partners. The implication for Al is
that, while a system for extended cognition would allow a person to complete
work more efficiently by lessening the cognitive load or augmenting cognitive
abilities, a ‘group-cognitive system’ would complement a human partner and
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take initiative by constructing its own solutions, negotiating, and learning
with and for the person. It would not only improve the cognitive abilities of
the human but enhance the overall quality of joint outcomes.

In group cognition, participants construct not only their own interpreta-
tions but interpretations of other participants’ beliefs [82]. This distinguishes
group cognition from previous concepts of collaboration such as conversa-
tional grounding [20]. Group cognition is not so much the aggregation of
single cognitions as the outcome of synchronisation and coordination of cog-
nitive abilities among the participants, cohering via interpretations of each
other’s meanings [86]. It has been argued that groups that achieve this level
feel more ownership of the joint activity [62, 39]. This observation has encour-
aged studies of group cognition in childhood development, work, and learning
contexts [14, 4].

In contrast to isolated concepts traditionally used in HCI and Al today,
group cognition may offer a theoretical and practical framing of cognitive
processes underpinning human-with-human collaboration. For machines to
become collaborative participants, their abilities must be extended toward the
requirements following from attributes of group cognition. This would allow
machines to expand their role from the current one of cognitive tools toward
that of actual collaborating agents, enabling the construction of knowledge
and solutions that go beyond the cognition of each individual participant.

In this chapter, though, we consider mainly dyadic collaboration, involving
a human—machine pair. Even though this restricts our scope to a subset of the
phenomena encompassed by group cognition, larger groups require additional
co-ordination, which is not addressed within the constraints of this chapter.

Taking the definition of group cognition as a foundation for our analysis,
we can identify two main aspects of successful human—machine collaboration:
1) the ability of recurrently constructing mutual understanding and meaning
of the common goal and interaction context and 2) the ability to interpret
not only one’s own reasoning but also the reasoning of other participants.
In order to discuss these requirements in more detail, we make use of recog-
nised theories from cognitive science and collaborative learning — namely,
conversational grounding and theory of mind. Both theories contribute to a
comprehensive view of group cognition. Though the two have considerable
overlap, both are necessary if we are to cover the fundamental aspects of
group cognition [82, 9].

In the following discussion, we briefly introduce these theories and ex-
plain their relation to group cognition. Proceeding from this knowledge, we
then present key requirements and explain their potential resolution. Then,
in Section 0.6, we present current realisations of systems addressing these
requirements, identify limitations, and present ideas for future research.
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0.4 Conversational Grounding

‘Grounding’ refers to the ability to create a shared base of knowledge, beliefs,
or assumptions surrounding a goal striven toward [8]. Whilst taking ground-
ing to be a complete explanation of collaborative behaviour has been ques-
tioned, the concept’s explanatory power for constructing meaning in small-
scale, dyadic collaboration has been demonstrated in several studies [82].

The term is used in the sense employed by Clark and colleagues within the
tradition of conversational analysis [20]. They argue that common ground and
its establishment are the basis for collaboration, communication, and other
kinds of joint activity.

Especially within dyadic interactions, it has informed various theoretical
frameworks, even in Al. Among the most prominent are the collaborative
model [21], the Mixed-Initiative (MI) framework [6], and theories of collab-
orative learning [8]. Grounding highlights the necessity for efficient commu-
nication to ground the collective understanding by ensuring not only clear
expression of the contributions to the collaboration but also correct reception
by the addressees. It is thus a basic constitutive activity in human—human
communication and collaboration.

It has been claimed that two factors influence success in grounding: pur-
pose and medium [20]. Purpose refers to the objective, desire, or emotion that
should be conveyed within a collaborative undertaking. The medium is the
technique to express the current purpose, which includes the cost its appli-
cation requires. Clark et al. introduce the concept of the ‘least collaborative
effort’ [20], according to which participants often try to communicate as little
as possible — but as much as necessary — with the most effective medium to
allow correct reception. From this perspective, work on mixed-initiative in-
teraction has addressed mainly the co-ordination of communication, when to
communicate. Grounding could inform MI and other AI frameworks with re-
gard to how reciprocal understanding among participants could be achieved.

To this end, we can identify four key requirements:

1) Ezpressing one’s own objectives: Grounding is based on successful ex-
pression of one’s objectives, requirements, and intents that define the purpose
of the conversation in the collaborative activity [20]. Achieving this with a
computer is not trivial. In a manner depending on the medium, a system
has to divide information into sub-elements, which can then be presented
to other group members (e.g., a concept into sufficiently descriptive words).
Among examples that already exist are dialogue systems applying Belief—
Desire-Intention models [47] and theoretical models for purposeful genera-
tion of speech acts [22] to construct meaningful expressions of objectives.
Also, there is a growing body of research exploring the potentials of concept
learning [25, 52], which would enable a machine to combine objectives and
communicate or associate them with existing concepts.
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2) Selecting the most effective medium: To collaborate, a participant has to
select the medium that can best convey the purposes of the conversation. In
human-to-human conversation, a purpose can be expressed in various ways,
including verbal and non-verbal communication. The choice of medium de-
pends on the availability of tools, the effort it requires to use the medium,
and the predicted ability of the collaborator to perceive the purpose cor-
rectly. Tools in this context are all of the means that help to convey the
purpose — e.g., speech, pointing, body language, and extended media such
as writing or drawing. The effort of using a medium depends on skills and
the ability to apply them. In the case of drawing, the effort would include
getting a pencil and paper as well as having the ability to draw the intended
purpose. Finally, the selection of the medium depends also on the ability of
other participants to perceive it correctly. This is related to the ability to
physically perceive the medium (for example, hand gestures’ unavailability
during a phone call) and to the predicted ability to understand the medium.
The ability of an intelligent system to select a medium is obviously limited by
its physical requirements. While embodied robots share the same space and
the same media as a human and can engage in pointing, eye movement, or
use of voice [61], virtual agents possess limitations in addressing physical ele-
ments when referring. On the other hand, virtual agents’ enhanced skills with
visual, animated, or written representations of information can be exploited
as a comparatively strong expressive medium.

3) Evaluating the effort of an action: H.H. Clark and D. Wilkes-Gibbs
introduce the principle of least collaborative effort as a trade-off between the
initial effort of making oneself understood and the effort of rephrasing the
initial expression upon negative acknowledgement, as in the case of misunder-
standing [21]. Previous work on least effort has examined short and precise
communication efforts, which favour unique wording as optimal strategy. In
contrast, Clark and Wilkes-Gibbs show that least collaborative effort does
not necessarily follow the same pattern. On account of the joint effort of
understanding within collaboration, the interpretation of least effort can be
relaxed and groups can also accept wordings with internal references that
are not necessarily unique to the given context. This presents both an op-
portunity and a challenge for machines. The conversation structure of most
conversational agents, such as Siri [80], follows the least effort principle, by
providing short and specific answers. Extending this to a least-collaborative-
effort strategy would imply the ability to connect knowledge with previous
and general expressions. N. Mavridis presents ‘situated language’ to over-
come these issues and enable a machine to extend its communication ability
to time- and place-independent references [61].

4) Confirming the reception of the initial objective: For successful conver-
sational grounding, the group member expressing knowledge not only must
find the right medium and dimension for expression but also has to verify cor-
rect reception by other members through evidence [20]. This allows the group
to create mutual understanding within the process. Evidence for understand-
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ing may be positive, indicating that the receiving participant understood, or
negative. People often strive for positive evidence of correct reception of their
expression, which can be provided either through positive acknowledgement,
such as nodding or ‘mmm-hmm’, or via a relevant next-turn response, which
may be an action or expression building on the previous turn(s). Naturally,
the reaction to the expression might differ with the medium used. Enabling
a machine to evaluate understanding by other group members, therefore, en-
tails new research into not just natural-language processing in relation to
natural interaction [12] but also handling of non-verbal behaviour [29)].

While grounding refers to the ability to communicate and receive knowl-
edge to find ‘common ground’, group cognition goes beyond that. It addition-
ally requires reciprocal interpretation of thoughts and intentions, for relation
to other group members’ decisions and beliefs [9]. In order to highlight this,
we borrow from theory of mind as a basis for our analysis in the next part of
the chapter.

0.5 Theory of Mind

The ability of interpreting one’s own knowledge and understanding as well as
interpreting other collaborators’ understanding is crucial for successful col-
laboration in group cognition [30]. Theory of mind is a topic originating from
research on cognitive development. Theory of mind focuses on the ability to
attribute mental states to oneself and others and to recognise that these men-
tal states may differ [16]. Mental states may be beliefs, intentions, knowledge,
desires, emotions, or perspectives, and understanding of these builds the basis
for grounding. The ability to interpret others’ mental states allows humans
to predict the subsequent behaviour of their collaborators, and it thereby
enables inferring the others’ aims and understandings.

While most research on theory of mind has focused on developmental
psychology, a growing body of literature backs up its importance for group
behaviour [3] and group cognition [83], suggesting the importance of the
concept for human—machine collaboration [16]. 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.
People still approach new encounters with technology similarly to approach-
ing other human beings, and attribute their own preconceptions and social
structures to them [33, 16]. For reason of machines’ inability to interpret their
own mental state and that of others, prediction of the behaviour of humans
in line with preconceptions often fails.

Three abilities stand out as vital for the development of collaborative Al:
1) Interpreting one’s own mental states: Enabling an intelligent machine to
interpret its own mental states requires a computational notion of and access
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to intentions, desires, beliefs, knowledge, and perspectives. At any point dur-
ing collaboration, a mental state with regard to another group member may
depend on the content of the discourse, the situation, and the information
about the current objective.

Most Al applications have been limited to specific tasks, to reduce the
complexity of the solution space by decreasing the number of objectives, re-
quirements, and intents involved. However, this also reduces the machine’s
ability to adapt to changing contexts as found in a discourse, wherein it is
necessary to extend the predefined belief space. Recent approaches in collabo-
rative machine learning have constituted attempts to overcome the limitation
of single-purpose systems [54]. These allow various information sources, such
as sensors, to be integrated into a larger system, for broader knowledge. How-
ever, these sources have to be well integrated with each other if they are to
create coherent knowledge about a situation [35].

2) Interpreting others’ mental states: Humans constantly strive to at-
tribute mental states to other collaboration participants, to enable prediction
of the others’ subsequent reactions and behaviours [16]. Such reasoning en-
ables conversations to be incremental. Incremental conversation refers to the
ability to follow a common chain of thoughts and forms the basis of any ar-
gumentation and subsequent discussion (as in brainstorming). A large body
of work on machine learning and Al is related to identifying and predicting
human intention [65, 28] and actions [89, 88, 29]. However, this requirement
is reciprocal and implies the same needs related to human understanding of
the AT mind.

3) Predicting subsequent behaviour: Similarly to interpretation of another’s
mental state, prediction of later behaviour can be considered from two sides:
Humans apply a certain set of underlying preconceptions to interactions with
intelligent systems, which often leads to disrupted experiences that arise from
unexpected behaviour of the system [16, 76]. Scholars are attempting to iden-
tify the information needed for predicting behaviour of machines. In A. Chan-
drasekaran et al.’s study of human perception of AT minds [16], humans were
not able to predict the subsequent behaviour of the Al even when information
about the inner mental states, like certainty and attention, of the machine
was presented. In contrast, research into machines’ prediction of human be-
haviour has a long history and has already yielded promising results [66, 72].

Group cognition is an interactive process among group members and re-
quires participants to reason about decisions and actions taken by others in
order to find common, agreeable ground for progress in the collaboration.
While theory of mind explains the former underlying cognitive principles
well, it does not explain how this common ground is built. For this reason,
we have combined the two theories for our discussion, to elaborate a more
comprehensive list of abilities necessary for Als’ engagement in collaboration.
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0.6 Challenges for Collaborative Al

The group cognition angle may pinpoint mechanisms necessary for collabo-
rative interaction between humans and artificial agents. In this context, we
have highlighted two key concepts — conversational grounding and theory of
mind. In summary, group cognition requires both the ability to internalise
and constantly update knowledge in line with one’s interpretation, as de-
scribed in theory of mind, and a mutual understanding of the collaboration’s
purpose, provided through grounding. In the following discussion, we reflect
on how these two concepts tie in with current research on Al, highlighting
which capabilities may already be achievable by means of existing methods
and which still stand out as challenges for future research.

0.6.1 Identify One’s Own Mental States

Human—human collaboration is based on the assumption that participants are
able to identify their own objectives, knowledge, and intents — in other words,
their mental states. Extrapolating intentions from one’s own knowledge based
on the collaboration interaction and the mutual understanding of the goal is
crucial.

Two limitations stand out. Firstly, although there is increasing interest
in self-aware AI, most work on the inference of mental states has considered
inference of people’s mental states while ignoring the necessity of interpreting
the machines’ ‘mental states’ [16]. Secondly, because ‘common sense’ is still
out of reach for AI, most (interactive) machine learning and Al systems
address only narrow-scoped tasks. This limits their ability to form a complete
picture of the situation, inferring and constructing human-relatable intents.

0.6.2 Select the Communication Medium and Express
Objectives

If it is to express objectives and intents, a machine has to select the most
efficient way to express them, as suggested in our discussion of grounding.
There is a trade-off between the effort it takes for the machine to use a
certain communication medium and the chances of the communication being
received incorrectly.

The medium of choice for most interactive virtual agents is text. Exam-
ples include interactive health interfaces [32, 70] and industrial workflows
[38], along with dialogue systems such as chat bots [41] and virtual personal
assistants [56]. In some newer virtual assistants, text is often transformed into
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spoken expression. However, the systems usually apply stimulus-response or
stimulus—state-response paradigms, which does not suffice for natural speech
planning or dialogue generation [61]. Another medium is visual representa-
tion via, for example, drawing, sketching, and/or presenting related images.
Even if it requires further effort to translate the objectives of a conversation
to visual representation, people are especially good at understanding draw-
ings of concepts, even when these are abstract [21]. While virtual agents are
starting to use graphics such as emoji or more complex images to convey
emotions [1], communication through visual representations, overall, repre-
sents an under-researched opportunity in human—machine collaboration. The
field of human-robot interaction, meanwhile, has looked at more natural con-
versational media for expressing objectives or intents [61]. Here, verbal com-
munication is combined with non-verbal communication, such as gaze-based
interaction [93], nodding [78], pointing [73], and facial gestures.

However, more studies are needed before we will be able to exploit the
potential of gestural and gaze behaviour, along with more graphical repre-
sentations at different abstraction levels. That work could result in a more
efficient medium for communication to humans than is observable in human
interaction today.

0.6.3 Confirm the Reception and Interpretation of
Objectives

Communication, according to the grounding theory, is successful when a mu-
tual understanding is created. This requires successful reception of the ob-
jective expressed. Reception — and acknowledgement of it to the communica-
tion partner — is necessary for understanding of mental states and objectives
within a group. We can borrow the principle of evidence for reception [20] to
state that machines should expect and work with the notion of positive or
negative evidence.

Here, negative and positive evidence have a more specific meaning than in
the sense of negative and positive feedback familiar from machine learning.
Clark et al. identify two possible ways of giving positive evidence, next-turn
responses and positive acknowledgement [20]. Next-turn responses are evalu-
ated by looking at the coherence between one’s own inference and the group
member’s next-turn responses as well as the initial objectives of the conversa-
tion. A.C. Graesser et al., for example, present an intelligent tutoring system
that emphasises the importance of next-turn response that is based on learn-
ing expectations instead of predefined questions [36]. When interacting with
a student, it ‘monitors different levels of discourse structure and functions of
dialogue moves’ [36]. After every answer, it compares the response with the
objectives by applying latent semantic analysis, then chooses its communica-
tion strategy accordingly. This allows the system to reformulate the question
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or objective when it perceives that the response does not match expectations.
Further examples of such systems are presented by B.P. Woolf [92].

In open-ended tasks such as brainstorming, however, the next-turn re-
sponse might not have to do with the initial objective so much as with exten-
sion or rejection of the intent behind it. In such contexts, humans often fall
back to positive and negative acknowledgements. Recognising social signals
such as nodding, gaze, or back-channel words of the ‘uh-huh’ type as positive
acknowledgement plays an important role in human interaction and hence
is an important ability for a fully collaborative machine. Within the field
of human-robot interaction, recognising these signals has been an active re-
search topic for some time [68, 94]. D. Lala et al. have presented a social signal
recognition system based on hierarchical Bayesian models that consider nod-
ding, gaze, laughing, and back-channelling as social signals for engagements
and acknowledgement [53] with promising results. This approach allows de-
termining which social cues are relevant on the basis of judgements of multiple
third-party observers and includes the latent character of an observer as a
simulation of personality. The detection of social signals, acknowledgements,
would allow a machine to adapt its behaviour and reactions to the other
group members.

0.6.4 Interpret the Reasoning of Others

If they are to contribute efficiently to a collaborative effort, group members
have to understand the reasoning of the other participants. We use ‘reason-
ing’ to mean not merely mental states but also the logic and heuristics a
partner uses to move from one state to another. This is necessary for the
inclusion and convergence of thoughts, intentions, and perspectives in group
cognition. While there is a large body of research on human intent recognition
[63, 49] and cognitive state recognition [11], researchers have only recently
acknowledged the importance of the reciprocal position, that humans need to
understand the computer’s reasoning. We review the topic only briefly here
and refer the interested reader to chapters of this book that deal with it more
directly.

Transparent or explainable machine learning is a topic of increasing inter-
est. Stemming mainly from the need to support people who apply machine
learning in, for example, health care [15] or finance [96], the need for un-
derstanding the internal states of machines is relevant also with regard to
collaborative machines. Z.C. Lipton [60] points out, in opposition to popular
claims, that simple models — such as linear models — are not strictly more
interpretable than deep neural networks, because it depends on the notion of
interpretability employed. The complexity of neural networks through differ-
ent acting layers and raw input data increases the realism of presented results
relative to human expectations; this supports interpretability of the machine’s
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actions. In contrast, linear models rely on hand-engineered features, which
can increase the algorithmic predictability but can render unexpected results,
which are less expressible themselves.

T. Lei et al.’s approach of rationalising neural networks provides insight
into the explainability of internal states on the basis of text analysis [57]. By
training a separate neural network on subsections of the text, they highlighted
those parts likely to have caused the decision of the main network. Another
example of explaining deep neural networks is presented by L.A. Hendricks et
al. [40]. They used a convolutional neural network to analyse image features
and trained a separate recurrent neural network to generate words associated
with the decision-relevant features. While this method provided good results,
the explanatory power is tied to the structure of the network. In a third ex-
ample, M. T. Ribeiro contributed his LIME framework, a technique to explain
any classifier prediction, by learning a proxy interpretable model for certain
locally limited predictions [67]. While the above-mentioned work focuses on
the explainability of machine learning and Al output, a promising framework
presented by T. Kulesza et al. describes some tenets for self-explainable ma-
chines [51]. In their work, a system was able to explain how each prediction
was made and allowed the user to explain any necessary corrections back to
the system, which then learned and updated in line with that input.

Most of today’s approaches rely on separate training or manually added
information, which limits the scope of these systems to carefully selected and
limited tasks. In contrast, with more open-ended tasks, the potential context
to be considered might not be manually pre-determined. We note that for
group cognition it may not be necessary to explain to the user the reasoning
that produced the outcome as opposed to a selected set of belief states. Their
relevance is determined, in contrast, by the collaboration situation and the
mental state of the communication partner. That poses a challenge for future
work.

0.6.5 Predict Collaborative Actions of Others

Proceeding from their own knowledge and the reasoning of other group mem-
bers, participants can predict others’ behaviour. Again, this should be inter-
preted as a reciprocal process including all members of the group. While pre-
vious research has focused primarily on the prediction of human behaviour
[66, T2], some recent work has looked at prediction of machine actions by a
human [16].

Chandrasekaran et al. evaluated the modalities necessary to enable hu-
mans to create a ‘Theory of AT Mind’ [16]. In their study, participants were
asked to infer the AI’s answer with regard to a given image for questions such
as ‘How many people are in this image?’, with or without additional informa-
tion presented alongside the AI’s response for the previous item. The users’
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answers could be seen as the behaviour expected of the AI. The modalities
tested were a confidence barchart of the five best predictions; and an implicit
and explicit attention map provided as a heatmap for the image. After the
prediction, users were provided with instant feedback in the form of the sys-
tem’s answers. Users who had been presented with additional modalities too
were shown to have results with equal or lower accuracy in comparison to
users who received only the instant feedback. However, an increase in predic-
tion accuracy after only a few trials indicates that users learned to predict
the machine’s behaviour better through familiarisation than via additional
information about internal processes. The additional information seemed to
encourage users to overadapt to system failures, which resulted in worse over-
all prediction. Further studies are needed to evaluate other potential sources
of improved behaviour prediction. However, these first results might indicate
that, to understand and predict Al, humans may need more information than
that referring to reasoning alone.

The concept of group cognition comes from the discipline of collaborative
learning, which has emphasised the necessity of each participant continuously
learning and updating said participant’s knowledge, concepts, and ideas. Hav-
ing their origins in psychology, the notions behind collaborative learning as-
sume human-level understanding, communication, and learning capabilities.
In the context of collaborative machines, these traits do not exist yet and will
have to be explicitly implemented. We will next consider some opportunities
for such implementations.

0.6.6 Update Knowledge for Social Inference

During collaboration, the group members must integrate inferences of other
participants with their existing knowledge. An extensive set of methods ex-
ists that may achieve this. Among these are inverse reinforcement learning
[2], Bayesian belief networks [18], and variants of deep neural networks [23].
Results have been presented for social inference in special tasks, as language
learning [18] and learning through presentation [2, 7]. However, these ap-
proaches assume for the most part that the human provides input for the
machine to learn from, and they do not integrate the human more deeply
into the loop.

Interactive machine learning adds the human to the loop but has mainly
been applied for purposes of enriching data or boosting unsupervised or su-
pervised learning [69]. P. Sinard et al. define interactive machine learning as
machine learning wherein the user can provide information to the machine
during the interaction process [79]. Meanwhile, A. Holzinger [43] considers
interactive machine learning as a type of collaboration between algorithm
and human [69]. He points out that not all input presented to a machine
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can be trained for, and that the machine has to be able to adapt to such
situations. He presents an approach using an ant-colony algorithm to solve
a travelling-salesman problem [44]. The algorithm presents the optimal path
found thus far and allows the user to alter this path, in line with the contex-
tual knowledge he possesses. Holzinger’s results illustrate that this approach
speeds up the discovery of the optimal path in terms of iteration when com-
pared to machine-only optimisation. Even though this approach allows the
machine and the human to work on a mutual goal, the common objective is
fixed at the outset of the task.

Another line of research relevant in this context is that into multi-agent
systems [84]. Work on multi-agent systems often refers to critical tasks such
as disaster-response control systems [74] or autonomous cars [27], wherein
the aim is of ‘a mixture of humans performing high level decision-making,
intelligent agents coordinating the response and humans and robots perform-
ing key physical tasks’ [74]. For a review of multi-agent systems, we direct
the reader to Y. Shoham and K. Leyton-Brown [77]. In general, research on
human-in-the-loop multi-agent systems has focused on the task, the activ-
ity, and the role each agent should have in order to contribute to reaching
the defined goal [13]. For example, A. Campbell and A.S. Wu highlight the
criticality of role allocation, where a role is ‘the task assigned to a specific
individual within a set of responsibilities given to a group of individuals’,
for designing, implementing, and analysing multi-agent systems [13]. They
further present computational models for various role-allocation procedures
in accordance with a recent review of multi-agent methods. Role allocation,
according to them, grows ‘more important as agents become more sophis-
ticated, multi-agent solutions become more ubiquitous, and the problems
that the agents are required to solve become more difficult’ [13]. While most
multi-agent research looks at machine agents, as found in sensor-networks [5],
some concepts and principles for the co-ordination of collaboration and for
how roles within a group can be allocated in the most efficient way could be
used for collaborative AI. However, in the strong sense of the word ‘collabora-
tion’, most of the multi-agent methods do not foster interactive behaviour on
common ground so much as favour individual task allocation. Nevertheless,
experiences from these models can aid in understanding how roles influence
this interaction.

0.6.7 Apply New Types of Initiative in Turn-Taking

While learning in groups is a shared task with a common goal, in open-ended
interaction the goal depends on the current topics and can change as soon
as new ideas start being explored. Hence, there is a need for understanding
which knowledge most efficiently contributes to the current collaboration, and
when. J. Allen et al.’s [6] well-known mixed-initiative interaction framework
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provides a method for inferring when to take initiative. Since Allen proposed
it, this framework has been applied in various contexts of interactive systems,
among them intelligent tutoring systems [36], interactive machine learning
[17], and creative tools [26].

On the other hand, the decision on what to contribute presents a trade-
off between context-aligned recommendations (following the current chain
of thoughts) and exploratory recommendation (diversion from the current
ideas). Contextually aligned reactions, analogously with value-aligned inter-
actions [75], may take less effort to communicate and react to, for reason
of existing context and already shared references. While these reactions are
more likely to be understood by other group members, they do not necessarily
explore new possible solution spaces. What could be called ‘exploratory ini-
tiatives’, on the other hand, bring with them the problem that future topics
are partly unknown and that, accordingly, selection of the ‘right’ idea path to
follow can be a thorny problem. This unknown solution space presents a chal-
lenge for selection, encouraging, and elaboration of new ideas. Perhaps the
trade-off of initiatives that explore vs. exploit new topics could be modelled
in a manner paralleling that in optimisation. However, the first solutions for
acting and learning in partly non-observable environments, known mainly
as a partially observable Markov decision process (POMDP), are promis-
ing. Already, POMDPs are being used for decision-making and selection in
human-robot interaction [95, 48, 85]. In T. Taha et al.’s work, for example, a
POMDP guides the communication layer, which facilitates the flow and inter-
pretation of information between the human and the robot [85]. Applying this
information, the robot makes its action plan, while the current task, status,
observed intention, and satisfaction are used to model the interaction within
the POMDP. The paper’s authors highlight that with a minimum amount of
input the system was able to change the action plan or add corrective actions
at any time.

While current research on interactive systems offer various approaches to co-
ordinate, engage in, and facilitate interactions, none of them cover all the
necessities for collaborative behaviour in the sense of group cognition. How-
ever, these approaches do present the prerequisites for future developments
of such systems.

0.7 Conclusion

We have discussed cognitive abilities necessary for collaborative Al by build-
ing on the concept of group cognition. We reviewed some promising current
approaches, which reflect that some aspects of these abilities are already iden-
tifiable and partially addressed. However, more research needs to be done.
The main topics we have identified for future research are related to the ex-
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pressiveness of machines, the ability to understand human interaction, and
inherent traits of the behaviour of machines. We have highlighted in this
context the necessity of extending and enhancing potential communication
media of machines for purposes of more human-like communication, including
social signal recognition within collaborative processes. Scholars researching
collaborative machines could draw from previous experiences of human-robot
interaction and adapt the findings to the particular context at hand. Another
limitation of current approaches is related to the explainability of machine
reasoning. In order to construct a ‘Theory of Al Mind’, as framed by Chan-
drasekaran et al. [16], a human has to be able to understand the reasoning
behind an action, so as to recognise the machine’s intent and most probable
behaviour. We have presented several approaches to resolving this issue; how-
ever, the question of what best explains the reasoning of a machine remains.
Finally, we must reiterate the necessity of extending current approaches in
machine learning and interactive machine learning to act under the uncer-
tainty conditions typical of human collaboration. This would enable machines
to make suggestions and act in open-ended collaboration such as discussions
and brainstorming, for which the idea space is not defined beforehand.
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