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Abstract. The increasing use of ever-smarter AI-technology is changing
the way individuals and teams learn and perform their tasks. In hybrid
teams, people collaborate with artiﬁcially intelligent partners. To utilize
the diﬀerent strengths and weaknesses of human and artiﬁcial intelligence, a hybrid team should be designed upon the principles that foster
successful human-machine learning and cooperation. The implementation of the identiﬁed principles sets a number of challenges. Machine
agents should, just like humans, have mental models that contain information about the task context, their own role (self-awareness), and the
role of others (theory of mind). Furthermore, agents should be able to
express and clarify their mental states to partners. In this paper we
identify six challenges for humans and machines to collaborate in an
adaptive, dynamic and personalized fashion. Implications for research
are discussed.
Keywords: Co-active learning · Human-agent teaming ·
Hybrid teams · Theory of mind · Explainable AI · Mental model

1

Introduction

The literature on teams (e.g., [48, 52]) has produced knowledge on how to design
a training environment and the operational environment to ensure that a team
of experts is also an expert team [47]. Now, with the introduction of advanced
technology, people also have to form eﬀective teams with artiﬁcially intelligent
partners. The principles derived from studies on the eﬀectiveness of humanhuman teams are valuable for designing human-technology teams, but there are
also diﬀerences between human intelligence and Artiﬁcial Intelligence (from now
on: AI) that must be taken into account. Modern AI-applications acquire knowledge about their domain and tasks by establishing correlations and patterns in
the large sets of data they collect about their environment. It then uses this
knowledge to solve new problems. When the environment provides suﬃcient
data, the algorithm can become very successful (e.g., for example, recognizing
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cancerous tissue in MR-images [62]). However, the intelligence of such applications remain within the boundaries of the trained task. If these are narrow and
well-deﬁned, then AI is doing well. However, when the task context imposes a
rich and an a priori unknown variety of conditions (wide system boundaries),
then the problem-solving intelligence of AI drops dramatically [3]. Where AI
still falls short is thinking in the abstract, in applying common sense, and in
transferring knowledge from one area to another [7]. Thus, humans and AI each
have their strengths and weaknesses. Humans, for example, are poor at storing and processing information, unlike AI. However, humans can make abstract
decisions based on intuition, common sense, and scarce information [29]. Rather
than acting as separate and equal entities, humans and AI should collaborate
in a coordinated fashion to unlock the strengths of a heterogeneous team. It is
believed that this needs to develop iteratively by interaction between partners
[4, 19, 27]. This paper discusses the challenges for developing systems that enable
humans and artiﬁcially intelligent technology to jointly learn and work together,
adaptively and eﬀectively.
1.1

Hybrid Teams

A hybrid team is a team of multiple agents that interdependently work together,
and where agents can be either humans or machines. The cooperation of humans
and machines sets new demands as the nature of intelligence is diﬀerent between
agents [3]. One demand is that the conditions must be created in which all agents
come to recognize and acknowledge their respective capabilities. This may apply
to a single human-machine combination, but it may also concern a team of multiple human-machine combinations. Another demand is that team members should
have a shared understanding of how to exploit their complementary strengths to
the beneﬁt of the team. How team members should adapt to form an eﬀective
team varies from occasion to occasion. It is dependent upon many factors, like
for example the speciﬁc demands of the context, the capabilities and preferences
of the other team members, and many other variables. Learning how to adapt
always take place, with every new performance of a team. Each training and
each operation provides opportunities for team members to develop their skills,
to reﬁne their understanding of their own role within the team, and to deepen
their knowledge of the other team members’ roles, capabilities, and preferences.
A further demand is that the members of a hybrid team should be able to use the
progressive insights of its members to formalize and tune the work agreements.
Figure 1 shows a representation of a hybrid team.
The green inner area of Fig. 1 shows a team consisting of four human-machine
unit. One human-machine unit is shown enlarged for explication purposes. The
human and the machine both have, develop, and maintain a mental model
(shown in the lower two clouds). The mental model of the human involves
knowledge about the task, a concept of its own role in the team, and expectations about the contributions of other team members. The mental model of a
machine is likely to be much less elaborated, involving speciﬁc knowledge about
the task to be performed by the machine, and some aspects of the context.
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Fig. 1. Human-machine cooperation in a hybrid team (Color ﬁgure online)

Both the human and the machine have an ePartner, an AI-based agent [5, 40].
The purpose of an ePartner is to assist its user to act as a good team member. An agent (either machine or human) and its ePartner form a unit (hence
the dotted ellipses). Indirectly, by assisting its user, the ePartner supports the
team as a whole. An ePartner collects and processes information about the task
(grey middle zone) and the context (outer yellow zone). It also collects and
processes information about its user, about the partner of its user, as well as
of the other human-machine units of the team (green inner zone). The ePartners use this information to construct and maintain an elaborated mental model
(shown in the two upper blue clouds) containing a representation of its user (a
‘self’-model), as well as a representation of the perspective of the partner-agent
(a theory of mind model). Through these mental models the ePartners develop
an understanding of the task, users, and team. Based on this understanding, the
ePartner can initiate various support actions.
A hybrid team consists of agents. An agent is an entity that is autonomous,
intentional, social, reactive, and proactive [61]. So a human is an agent. A machine
can also be an agent, but only if it meets the criteria above. For instance, a robot
arm that mechanically performs some kind of action is not considered an agent,
even though its actions may be valuable to the team. In the hybrid team outlined
in Fig. 1, we have machines in mind that are more or less intelligent agents. A
machine’s mental model is typically targeted at the intelligence needed for acting adequately in a bounded variety of task conditions. It generally does not
include the ability to acknowledge the needs of its partner, or of other members
of the team. Thus a mental model of the machine supports task behavior, not
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team behavior [51]. However, in a machine-ePartner unit (right dotted ellipse),
the ePartner-agent is able to develop a mental model that covers the needs of others; not only of its machine-partner, but also of other agents in the team. This
enables this ePartner to initiate supportive actions (e.g., informing its machine
that a task has already been done by others in the team; informing the ePartner
of the human partner that the machine’s battery is about empty). In a humanePartner unit (left dotted ellipse), both the human as well as its ePartner-agent
develop a mental model of the task and of the team. However, the mental models
of these agents are not the same. The human’s ePartner-agent can, for example,
receive information from the ePartner of the machine about the status of its task
work (e.g., the remaining battery power of the machine). It can also determine conditions of its partner (e.g., fatigued; high-work load) that the human may self not
be aware of [16]. Again, this enables the ePartner to initiate supportive actions
(e.g., issue warning to human partner; request other agents in the team to take
over tasks).
This envisioned cooperation between humans and machines in a hybrid team
needs to develop through interaction and feedback during learning and operations, enabling all agents to acquire implicit and explicit knowledge about themselves and about their partners. Implicit knowledge about the partner is, for
example, intuitively knowing how the partner will respond to a particular situation (often without realizing why). This is called ‘tacit knowledge’ [46], as
it often cannot be adequately articulated. Explicit knowledge is, for example,
knowing what the partner is likely to achieve, and accordingly, how it will act.
Explicit knowledge is often obtained by deduction, logic, and reasoning [10].
The next chapter presents a use case of human-AI co-learning in hybrid
teams, relating it to the literature for principles of successful development of
human-AI partnerships. These principles are used to deﬁne the challenges for
establishing human-AI Co-learning in Sect. 3. The ﬁnal chapter discusses the
implications for research.

2

Co-learning in Hybrid Teams

The increasing use of ever-smarter AI technology is changing the way individuals
and teams perform their tasks. Designing the models for successful hybrid teams
should be based upon the principles that foster the cooperation between units
consisting of human-machine combinations, and that promote the collaboration
of multiple human-machine combinations at the team level (see Fig. 1). This
section proposes a set of principles for human-AI co-learning, derived from the
literature on human-machine interaction, human-agent teaming, and teamwork
in general. It starts with a general use case to illustrate the co-learning process.
2.1

Use Case

Figure 2a presents an overview of a Human-ePartner-Robot-Team (HeRT) at a
disaster scene of our use case (inspired by the TRADR use cases for robot-assisted
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(a) Human-ePartner-Robot-Team

(b) Example scenario

Fig. 2. HeRT team and scenario map (scene)

disaster response; [14,28]). In this team, all agents have sensors for monitoring the
environment (e.g., to identify human beings, passageways, objects) and their own
states (e.g., health and location). However, machine agents will only have limited
state-sensing capability. To support collaboration, humans and ePartners are also
equipped with sensors that assess states of other agents (such as workload; [16]).
There is a shared knowledge base; policies deﬁne the obligations, permissions and
prohibitions for knowledge exchange (e.g., as adjustable work agreements [38]).
When approaching the disaster scene, the Team Leader (TL) assesses the
situation, selects the ﬁrst Point-of-Interests (PoI) to explore, and estimates the
corresponding priorities. Based on previous missions, the ePartner of the Team
Leader, i.e., ePartner(TL), proposes task allocations and work agreements for
the team. Figure 2b gives an overview of the task context. The PoI is in a valley
in between mountains. Victims might be found there, but the area is dangerous
for humans due to the possible presence of toxic gases. The ePartners initiate
the operation by issuing work agreements among the groups and units, i.e., for
notifying progress, agent states, and environmental events. A ﬁrst example is
that the TL will be notiﬁed about the progress of (all) groups, when there is a
(i) deviation of the plan, (ii) change of agent’s state, or (iii) unforeseen critical
event. Second, speciﬁc for the Air-group, there is the agreement that the TL-unit
will get regular updates (“situation reports”, provided by the ePartner of airgroup’s Explorer, i.e., ePartner(E-air)) with the overview pictures of the UAV
(so that TL will maintain a general overview, and can immediately help the less
experienced Air-group when needed). Third, speciﬁc between the Ground-group
and the Air-group, there is the agreement that the other group is notiﬁed when
a new obstacle is detected in the planned navigation routes.
Following the plan, the Explorer(air) initiates the ﬁrst (high-priority) task:
The UAV has to explore the area between the base station and PoI to assess
its accessibility for UGV navigation. In parallel, Explorer(ground) initiates the
ﬁrst (high-priority) task: navigation of UGV to PoI, to gather information about
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the environment during the navigation and, subsequently, at PoI. Based on the
available information of the environment, the UGV calculates the best navigation
route and starts navigating. The Air-group identiﬁes a blockade of the planned
route and ePartner(E-air) notiﬁes the Ground-group. The UGV changes its route
and continues; ePartner(UGV) provides an explanation; ePartner(TL) notiﬁes
the TL about the changed route plan with the explanation (and the information
that the time of arrival at PoI is extended).
In the meantime, the Air-group (i) is processing a large amount of environmental data with inconclusive outcomes, (ii) has to anticipate for a required
battery change, and (iii) is notiﬁed that storm and rain are approaching. The
ePartner(E-air) identiﬁes a “cognitive lock-up” in the data-processing task of
its partner, draws her attention to the battery level and weather forecast, and
notiﬁes unit(TL). The TL assesses the adapted task plan, UAV’s battery level
and the weather forecast, and determines that the UAV can stay in air till the
UGV approaches the PoI.
After the mission, all agents participate in a debrieﬁng session. The
ePartner(E-air) points to the cognitive-lock-up event, and explains its assessment. The TL reﬁnes the explanation, enhancing ePartners’ knowledge base.
Explorer(air) understands what happened and selects training scenarios to practice this type of situations in virtual reality.
2.2

Principles of Human-AI Co-learning

Research in human-machine interaction provides useful models and methods
for the required communication in the envisioned use case of Sect. 2.1, such as
chat bots [11], virtual assistants [16,54], and personal teaching agents [25, 55].
ePartners should tailor their communication to the speciﬁc characteristics of
their human partner (e.g., preferences, experiences, mental state), the team (e.g.,
roles, work procedures, communication protocols) and the context (e.g., movement, noise, time pressure). However, collaboration and collaborative learning
are not driven by explicit demarcated communicative acts only. A joint task
performance of human and a machine agent requires that their social, cognitive, aﬀective and physical behaviors are harmonized for the work processes. For
establishing such harmonization, we identify a number of important principles:
OPED (observability, predictability, explainability & directability), trust generation & calibration, self-awareness & theory of mind, lifelong learning on the
job, and teams learning from teams.
Observability, Predictability, Explainability and Directability
Joint task performance requires that the agents deal with interdependencies: the
coordinated adaptation of task performance of humans and machines to optimize their performance as a team [19, 42]. Johnson et al. deﬁne three requirements for successful interdependent collaboration: Observability, Predictability
and Directability [19]. In addition, Explainability has been identiﬁed as an important prerequisite for collaboration and learning (e.g., [12,41]).
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Observability implies that the human agent and the machine agent are
informed of their own actions, each other’s actions, and the status of their role
and progress in the task. In a human-machine partnership this requires that
the state of a machine agent should be observable to a human partner, and the
machine-agent should be informed about the human’s status from explicit and
implicit behavioral cues. The use case of Sect. 2.1 provides several example work
agreements for establishing observability within a team (e.g., on agent’s state,
like robot’s battery level and explorer’s stress level).
Predictability means that actions of a team member are -to some extentpredictable, so that team members can understand it, and anticipate to it. The
use case shows, for example, the processing of prediction information within the
team on robot state (battery level), weather and reaching the PoI, to decide on
the UAV’s route.
Explainability is needed in circumstances where partners desire a clariﬁcation
of each other’s behavior. One way of achieving this is by requesting explanations.
In order to generate an explanation that ﬁts the objective of the requesting agent,
partners should have the capabilities to diagnose the state of the other agent
(related to observability), and the partner’s intention of the request (related to
predictability). In the use case of Sect. 2.1, for example, the ePartner of the UGV
provides an explanation of the changed route towards the PoI.
Directability refers to the property of agents to take over and delegate tasks,
both reactively and pro - actively. In the use case, for example, the TL takes
over part of the task of explorer(air), when she is in a “lock-up”.
Trust Generation and Calibration
The research community has not (yet) provided a uniﬁed deﬁnition of trust, but
it is commonly recognized that trust is as a psychological state that is inﬂuenced
by the complex interrelations between expectations, intentions and dispositions
[9]. For now, we will use Mayer’s trust deﬁnition: “The willingness of a party to
be vulnerable to the actions of another party based on the expectation that the
other will perform a particular action important to the trustor, irrespective of the
ability to monitor or control that other party” [36] (p. 712). Trust development is
a continuous process in teamwork, involving trust establishment and adjustment
based on team-members’ experiences concerning each other’s performances and
the overall team performance. In teamwork, three processes should be considered:
(i) interpersonal trust between members, (ii) collective trust at the team level,
and (iii) the cross-level inﬂuences and dynamics [9]. It should be noted that high
levels of team trust may have negative consequences, like the pressure to conform
to group’s norms in “groupthink” [18]. Adequate trust calibration is crucial to
establish appropriate attitudes and performances in teamwork.
In the use case of Sect. 2.1, for example, the TL developed a higher level of
trust for the (experienced) Ground group than for the (less experienced) Air
group. Based on the low level of trust, a speciﬁc work agreement was made for
the last group: ePartner(E-air) provides regular updates with overview pictures
to unit(TL), so that the TL can immediately help the Air-group when needed.
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Self-awareness and Theory of Mind
In a well-functioning team, the team-members learn to perform the tasks, how
their tasks relate to those of the other(s), and how to manage their tasks.
They develop “self-awareness” of their own state and role in the partnership,
“self-management capabilities” and a “Theory of Mind” (i.e., knowledge of
the other, [45]). Current AI developments are enhancing machine’s capabilities
on the “self-awareness & management” [59]. However, developing a Theory of
Mind also proves to be crucial for eﬀective human-human teamwork [35] and
human-machine teamwork [24, 30, 43, 53, 60]. Furthermore, the self-awareness,
self-management and Theory of Mind can develop at four levels: agent, unit,
group and team. The ePartners aim to enhance this by sensing, modeling, activating and sharing the relevant information (see Fig. 1). With the capabilities to
form Theories of Mind, humans and ePartners develop the capability to maintain
common ground, thereby meeting the challenge of Klein and colleagues [26] for
successful joint activity. In the use case of Sect. 2.1, ePartner(E-air) detected a
“cognitive lock-up” of its partner, sharing it (i) with the TL-unit (team level) to
ensure an eﬀective air-group task performance, and (ii) with its partner (“selfawareness at unit level”) for experienced-based learning.
Lifelong Learning on the Job
Appropriate experience sharing will help teams to learn from their practices
and improve their adaptive capabilities. For example, team reﬂections can make
“tacit” knowledge explicit in a systematic way in such a way that the team can
better cope with similar situations in the future (i.e., team’s resilience increases,
[49]). The ePartner will support this process by (i) providing the “episodic memory” with the features that aﬀect performance and resilience, and (ii) the procedures to reﬂect on these episodes [16]. One way to do this, is to share experiences,
and to reﬂect upon these experiences [58], for example by engaging in an After
Action Review [39].
The previous principle (“Self-awareness and Theory of Mind”), already
referred to the learning of Explorer(air) in the use case by recalling the “cognitive lock-up” episode. In addition, the TL-unit will learn from this episode about
the eﬀectiveness of its back-up behavior (i.e., enhancing team’s resilience).
Teams Learning from Teams
A learning organization requires that team experiences and knowledge are shared
with other teams continuously (cf., [6]). Concerning this capability, ePartners will
provide excellent support: Their knowledge-base can be, almost instantaneously
and completely, shared with all the other ePartners. This way, an evolving library
of constructive and destructive team patterns can be build and shared [57].
Subsequently, the ePartners can help to identify such patterns when they appear
with the corresponding supporting or mitigating strategies. For the use case of
Sect. 2.1, for example, the set of work agreements that proved to be eﬀective will
be shared by all teams.
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Challenges for Developing Hybrid Team Agents

The previous chapter discussed the principles for human-AI co-learning from a
team perspective. In this chapter we address the implementation of these principles: the challenges of creating learning human-AI partnerships, the constituting
elements of a hybrid team.
An important prerequisite for eﬀective task and team performance is that
humans and machines become aware of each other’s knowledge, skills, capabilities, goals, and intentions. Humans store and structure such information in their
brain in the form of mental models [8,21]. Mental models can be regarded as
personal and subjective interpretations of what something is, and how something works in the real world. Humans use their mental models to explain and
predict the world around them, for example interpreting the behavior of others. In fact, it has been demonstrated that a mental model of the environment,
including information about the task and knowledge of other agents, is required
for eﬃcient cooperation between humans in a team [35]. We argue that if a team
consists of humans and machines, machine agents need to be initiated with a
basic model of the task context, their own role, and the role of others. Furthermore, they need to be able to learn from experiences and feedback; to reﬁne and
adjust their mental models. Not all knowledge and functions need to reside in
the individual agents; agents are able to share information, thus creating a kind
of “team cloud” database. We identify the following six challenges to achieve
eﬀective human-machine team collaboration:
1. Agents of a hybrid team should have, develop, and reﬁne a shared vocabulary
of concepts and relations (taxonomy model )
2. Agents of a hybrid team should have access to a shared set of work agreements and interdependencies. This include agreements on how agents can
dynamically update this as a result of learning (team model )
3. An agent should have, develop, and reﬁne a mental model containing knowledge about the regularities between task conditions, actions and outcomes
(task model )
4. An agent should have, develop, and reﬁne a mental model containing knowledge about itself, including its needs, goals, values, capabilities, resources,
plans, and emotions (self-model )
5. An agent should have, develop, and reﬁne a mental model containing knowledge of other agent’s needs, goals, values, capabilities, resources, plans, and
emotions (theory-of-mind model )
6. An agent should have the functionalities, instruction, and training to communicate and explain experiences to other agents (communication model )
Challenges concerning the contents of agents’ mental models are discussed
in Sect. 3.1. The mental models of agents should not constitute a ﬁxed representation of the world, but a dynamic one. The models’ contents need to be
constantly reﬁned and adjusted, as a result of learning from experiences. This
raises the question how machine agents should restructure their mental models in
order to assimilate and represent newly acquired knowledge. Such representation
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challenges are discussed in Sect. 3.2. A mental model is functional in the sense
that it helps the agent to determine and tune its behavior and to develop an approach for solving a problem. At best, an agent’s operations may be experienced
as logical, plausible, or understandable by other agents. However, sometimes
they lead to surprise or incomprehension. Establishing a ﬂexible and resilient
hybrid team requires mechanisms that enable agents to resolve misconceptions,
ambiguities and inconsistencies. These challenges are discussed in Sect. 3.3.
3.1

Components of Mental Models

Conceptually, we distinguish between three types of integrated knowledge in a
mental model of a hybrid team agent: knowledge about the task and context;
knowledge about oneself; and knowledge about the partner.
Knowledge about the task and context: through instruction and experience,
an agent accumulates its knowledge about about the regularities between task
conditions, actions and outcomes. The agent should be able to expand its task
model with the acquired knowledge (challenge 3). The agent may or may not be
aware of its knowledge. Some of the relationships may be formally coded in the
mental model (e.g., the task condition of seeing a ‘stop’ sign, triggers the act of
stopping the car, leading to the outcome of a safe crossing of the intersection). An
agent’s mental model should also contain strategies for conducting a task. Formal
knowledge about relationships and strategies can be easily communicated to
other agents. In addition, agents may also have implicit knowledge of regularities
in their mental model. For example, when having to make a right turn, a driver
agent uses subtle environmental cues to apply the forces to the steering wheel and
gas pedal that produce an adequate bend. The implicit nature of such knowledge,
also called ‘tacit knowledge’ [44], makes it hard to articulate it, and thus to
communicate it with other agents.
Knowledge about oneself : the mental model of a hybrid team agent should contain information about its own needs, goals, values, capabilities, resources, plans,
and emotions (challenge 4). This enables the agent to be self-aware, an essential
principle for self-management, as well as for alignment and adaptation in a team.
An agent’s self-knowledge should be adjustable under inﬂuence of interactions,
experiences and feedback.
Knowledge about other(s): Agents should also be able to construct models of
other agents (challenge 5), a theory of mind. The agent should have the metacognitive ability to attribute mental capacities and states to others [45], such
as their assumed motivations, beliefs, values, goals, and aspects of personality.
Furthermore, this theory-of-mind model should also include information about
how the other agent thinks about its partner (i.e., “what could the other agent
know about my knowledge, beliefs, values, and emotions?”).
Another challenge is that an agent should be able to retrieve and connect information from the diﬀerent sources of knowledge (challenge 1) so that the agent can
detect and understand interdependencies within the team (challenge 2). It allows
the agent to infer, for example, that a team agent may be too fatigued to carry out
its task, and to oﬀer assistance to this team agent.
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Representational Challenges for Mental Models

As argued in Sect. 3.1, agents should be able to develop a mental model consisting of diﬀerent types of information, like observations or factual information
in the task environment (e.g., whether something or someone is present or not),
known or perceived relationships between events and actions (e.g., “if I see ﬁre,
and I press this button, then an alarm will sound”), and assumptions (e.g., “if
my partner is very busy, then he is more likely to ignore my request”). In a task
domain, there often exist many relationships between diﬀerent types of information. An agent’s mental model should be able to represent all these, and the
representations should allow the agent to make connective associations between
them. The sections below discuss the challenges associated with this requirement.
Hybrid AI
The literature reports a variety of models that can represent an individual’s performance and psychological states, such as emotion, trust, stress, memory, and theory of mind (see [31] for an overview). A symbolic approach, for example, is based
on knowledge and rules and works best in well-deﬁned problems. An advantage
of symbolic models is that they are understandable to people. Another approach
is to represent knowledge as a network of nodes and associations (e.g., [50]). This
data-driven, sub-symbolic approach to modeling is suited for ill-deﬁned problem
environments. However, a disadvantage is that knowledge is distributed throughout the network, and is therefore non-transparent for humans.
It has been advocated to combine both approaches, for example as shown in
Fig. 3. This is called hybrid AI [1, 32,41,56]. Interestingly, human thinking is also
considered to be the result of a combination of implicit intuitive knowledge (cf.
sub-symbolic), and explicit, conscious reasoning (cf. symbolic) [22]. The nature
of human information processing has recently been aptly described by Harari:
“[..] the mind is a flow of subjective experiences [..] made of interlinked sensations, emotions and thoughts [..]. When reflecting on it, we often try to sort the
experiences into distinct categories such as sensations, emotions and thoughts
[..]”. ([15], p. 123).
For humans and intelligent machines to jointly learn and perform a task, both
should develop and maintain a common vocabulary of concepts and relations
(challenge 1); to reason and communicate with each other (challenge 6), about the
task and environment (challenge 3), their own perspective (challenge 4), and the
perspective of the other (challenge 5). This means, for example, that an ePartner
of a machine agent should be able to translate implicit sub-symbolic knowledge,
that is acquired through associations, into symbolic concepts (see Fig. 3). Only
then can this ePartner-agent communicate with other agents about it.
Perceptual, Cognitive, and Social Components
Machine agents and ePartner agents should be able to represent knowledge
obtained from sensory experiences by building associative networks of perceptual inputs (challenge 3). This would allow the agent to, for example, perform
image classiﬁcation and object recognition.
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Fig. 3. A human-machine combination consisting of a human agent with its ePartner
agent, and an intelligent robot (e.g., an UGV), also with its ePartner agent. All agents
build and maintain their own mental models that contain learned regularities (acquired
through e.g., Machine Learning), as well as symbolic knowledge (e.g., in terms of BDI).
To enable communication, ePartner-agents should be able to translate sub-symbolic
knowledge into symbolic terms. This symbolic model functions as a shared vocabulary
for agents.

In the Human-AI co-learning concept, agents have diﬀerent capabilities and
they communicate in order to exploit their complementary strengths to the beneﬁt of the team. Agents should therefore be able to show and share their status
and intentions to their partners (challenge 6), demanding a mental model that
allows them to express and explain their beliefs, goals, intentions, and actions in
terms that are adequate for human understanding and appreciation (challenge 5)
[41]. If necessary, the mental model can be expanded with computational models of emotion [23], enabling agents to take aﬀective states into account when
deciding upon which goals to pursue and which actions to perform. Some of the
socially adaptive behavior of agents can be streamlined in advance by setting and
agreeing upon work agreements. However, in order for agents to know when and
how to adapt to changes, they should be able to continuously collect and update
information about the individual team member(s) and the context (challenge
2). The agent’s mental model should therefore have slots for social information;
with strategies for obtaining information from the task context to ﬁll and reﬁne
the value of these variables; and with algorithms to make social inferences from
the data in the model (challenge 1).
3.3

Functional Challenges for Mental Models

Constructing mental models for agents that allow them to represent perceptual,
cognitive-aﬀective, and social knowledge, is only part of the challenge. Agents
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should also have the capabilities to dynamically update and reﬁne their models.
This can be achieved in various ways, like internal consistency checks, deduction,
induction, reasoning, and validation. The sections below discuss the challenges
associated with establishing these functions.
Dynamic Mental Models
Human-AI co-learning demands mental models to be dynamic, because human
and machine agents will generally not have a mutual understanding right from
the start. Instead, understanding develops over time, from experiences and interactions during training and operations. Of course, there may be some prior
experience in the form of memories, ‘lessons learned’, and assumptions in the
human agent, as well as computational task models in the machine agent. Furthermore, the human may have provided the machine agent with personal data
to make itself better known. But a deeper understanding and mutual awareness
develops through prolonged collaboration, interaction, shared experiences, and
feedback from the environment (see also Sect. 2.2). To facilitate these processes,
the human should be instructed and trained for understanding an AI-agent, and
the AI-agent should have the functionalities to develop an understanding of his
human teammate (challenge 5).
Mental Models That Support Observability, Predictability, Explainability, and Directability
Humans are cognitively wired to automatically infer mental states from subtle
behavioral cues expressed by other agents [17, 34]. To enhance its observability [19] for a human partner, a machine agent should be able to express such
information about its ‘mental’ state in a way that is easy to comprehend for
its human partner (challenge 6). In addition, a machine agent should be able to
infer its human partner’s mental state from their behavior (challenge 5). Agents
should also be able to use their theory of mind model to make predictions about
the behavior of team partners. Comparisons with observed behavior should be
used to validate the model, and to make adjustments if necessary.
Members of an eﬀective human-human team try to detect and solve discrepancies in their mental models. They discover misunderstandings, diagnose the
cause, and provide corrective explanations that gets the team back on track
[12,37]). Likewise, machine agents too need to be explainable. They need to be
able to generate explanations that shed light on the underlying causes of their
actions, and are attuned to the characteristics of the receiving agent (challenge
6) [37]. Agents may form explanations reactively, in response to a request by a
partner, but also pro-actively, when the agent anticipates that a partner may
not understand its (choice of) behavior.
Directability refers to the property of agents to take over and delegate tasks,
both reactively and pro-actively. The agent should be able to consult its model
of the team (challenge 2), taking also into consideration the level of interpersonal
trust (see Sect. 2.2).

Six Challenges for Human-AI Co-learning
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Addressing the Challenges

In a successful hybrid team, humans and machines collaborate in an adaptive,
dynamic, and personalized fashion. This requires that machine agents, just like
humans, have mental models that contain information on the task context, their
own role, and the role of others. Furthermore, human and machine agents should
be able to express and clarify their mental states in a way that is easy to comprehend for their partner and that allows them to act in a coordinated and adaptive
manner.
In this paper, we have proposed six challenges to achieve successful human-AI
partnership in hybrid teams. These challenges should be addressed and tested
in research. A good start would be, for example, to investigate how learning of
an individual agent can be organized and supported, studying how this learning
aﬀects performance of others, ﬁrst at the unit level and successively at the team
level. Research questions would concern the construction, maintenance, and use
of mental models (e.g., what information should an agent disclose to elicit adaptive responses from its partner or partners?, and what are the eﬀects of diﬀerent
explanations by others on an agent's learning?).
In order to address the challenges, a suitable research simulation environment
is needed. This needs to involve a task that is representative for a real world
environment in which humans and intelligent technology jointly work together.
Yet the research task should allow simple and unambiguous manipulation and
control of demands on human-AI cooperation, and should allow the measurement
of learning. A suitable research environment is needed that meets the following
requirements: (1) control over what information is available. If some information
about the task is unknown or uncertain to some agents, this requires them to
communicate and to generate explanations that facilitate mutual understanding;
(2) the opportunity to create hard interdependencies [19], compelling agents
to cooperate because each have unique capabilities; (3) control over resources
needed to carry out the task (e.g., imposing time limits); and (4) the opportunity
to make task goals achievable in several ways. This feature requires agents of
a unit or team to search for common ground on strategy, and to explore the
division of roles and tasks that result in good collective performance. Earlier
studies on human-AI collaboration have been using research environments that
meet the requirements above, like Blocks World for Teams [20] and Hanabi [2].
We intend to use such environments to conduct experimental research into
human-AI learning. As a ﬁrst study we aim to investigate how a human and
machine agent can evaluate their joint task performance in terms of lessons for
the future (i.e., how to re-assign tasks to improve overall performance). Controlled studies in the lab are needed to design, implement and evaluate the
principles for successful Human-AI Co-learning. In addition, these principles
should be tested further in practical ﬁeld settings (e.g., similar to experiments by
De Greeﬀ et al. [13] and Looije et al. [33]). For example, trust has been shown
to be an important aspect of human-AI cooperation in real-life. The co-learning
of humans and agents over a prolonged period of time may not only beneﬁt
performance, but also trust calibration [58].
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Given the developments in society, the future will unequivocally demand
humans and intelligent systems to work together. This paper addresses the challenges facing hybrid human-AI teams to acquire the strengths of human-human
teams, and to exploit the unique beneﬁts of intelligent technology at the same
time.
Acknowledgments. This study has been funded by the Netherlands Ministry of
Defence, under program V1801.
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