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ABSTRACT

Designing interactions for human-Al teams (HATs) can be chal-
lenging due to an Al agent’s potential autonomy. Previous work
suggests that higher autonomy does not always improve team per-
formance, and situation-dependent autonomy adaptation might be
beneficial. However, there is a lack of systematic empirical eval-
uations of such autonomy adaptation in human-Al interaction.
Therefore, we propose a cooperative task in a simulated shared
workspace to investigate effects of fixed levels of Al autonomy and
situation-dependent autonomy adaptation on team performance
and user satisfaction. We derive adaptation rules for Al autonomy
from previous work and a pilot study. We implement these rule
for our main experiment and find that team performance was best
when humans collaborated with an agent adjusting its autonomy
based on the situation. Additionally, users rated this agent highest
in terms of perceived intelligence. From these results, we discuss
the influence of varying autonomy degrees on HATs in shared
workspaces.
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1 INTRODUCTION

Recent artificial intelligence (AI) systems and robots as their embod-
ied form show great potential to support humans at work [4, 49, 52]
and in everyday tasks [32, 36, 48, 49, 72, 81]. Nevertheless, improv-
ing task outcomes through human-AI collaboration is not trivial
because it often depends on the specific application area as well as
on the abilities and characteristics of each party [13]. Even though
there are helpful guidelines for classical human-computer inter-
action (HCI) already, they need to be updated for designing inter-
actions with Al systems [3, 35, 79, 80] such that human-AI teams
(HATS) can solve problems synergistically and improve their perfor-
mance together. One factor that distinguishes human-Al interaction
from classical HCI is the higher degree of autonomy that Al systems
can possibly have during cooperative tasks [63, 80].

While there are many possible definitions for (AI) autonomy, in
this paper, we refer to autonomy of a technical system as its ability
to make decisions and execute actions independently without the
need for constant human input [54]. The Al is not able to change
the overall task goal, and its autonomy is limited by permissions
and obligations given by humans and by environmental and task
constraints [10]. Based on its autonomy level, the Al system can
execute actions and initiate interactions with its human partner
in order to complete its (sub-)tasks within the team successfully.
When humans design technical systems as tools, they commonly
automate a very specific sub-task to achieve their overall goals
more efficiently by using the system [14, 42, 60]. In such cases,
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these systems have a particular and limited purpose but no auton-
omy within the task and the team in general. While this describes
the low end of an autonomy spectrum, on its other end is a fully
autonomous partner with whom the human collaborates towards a
common goal. This can be compared to human-human interaction,
e.g., when colleagues at work collaborate with each other as a team.
Such collaboration within HATs depends on several factors, e.g.,
the team’s structure and composition [56, 74], the communication
within the team [56, 82], and the skill level of each partner [34].
Often, the interaction with Al agents falls somewhere in between
the two ends of the spectrum [77], as illustrated in Figure 1.

While Al needs a relatively high level of autonomy to be helpful
in complex settings [50], high(er) autonomy in systems does not
necessarily increase team performance or is preferred by their
human counterparts in every situation [26]. Previous work also
indicated that the ability to slide along the autonomy scale and
dynamically adapt autonomy levels is beneficial [23, 47, 63, 70]
and desired [33]. Adjustable autonomy is often specified as a set
of autonomy levels [47, 53, 63, 83] which an operator can switch
manually [21, 39, 47, 53, 83]. There are also specific use cases where
automatically adjusting autonomy levels already showed promising
results, e.g., multi-agent systems without human interaction [70],
unmanned aerial vehicle path-planning [47], military helicopter
cockpits [11], settings where an operator remotely controls a robot
in hazardous environments [63], simulation-based evaluations for
a cleaning and an inventory scenario with a mobile manipulator
[23], or a non-cooperative object inspection task [59]. However,
in previous work, we identified a lack of empirical evaluations
of situational adaptation of Al autonomy in cooperative shared
workspace settings with real human users.

Therefore, we propose a simulated shared workspace setting in
which we study the effects of different autonomy levels and auto-
matically switching between them during the interaction within a
HAT. Specifically, in a study with 50 participants, we investigate
how situational autonomy adaptation influences overall team per-
formance in comparison to fixed autonomy levels (RQ1) and how it
impacts the human’s perception of the Al teammate and the inter-
action with it (RQ2). Our approach aligns well with the framework
for conducting research about HATs by Cooke et al. [20]. They
propose to identify essential aspects of HATS in the given domain,
develop task environments and measurement strategies, and finally
conduct human experiments to transfer the empirically validated
insights in order to develop Al agents as teammates.

In summary, the main contributions of this paper are: First, we
provide a well-defined task definition and autonomy level design
for a cooperative task in a shared workspace that can be used
to investigate effects of an Al agent’s autonomy in such settings.
Second, we propose general criteria for autonomy adaptation in
shared workspace settings and derive specific heuristic rules for
Al autonomy adaptation for our task from these criteria. Third, by
using a concrete implementation, we add to the theoretical concepts
in previous work with an empirical investigation on the effects of
fixed as well as dynamic autonomy levels on HATs. In particular,
we study the effects of Al autonomy levels on team performance
and user satisfaction in cooperative shared workspace tasks with
real users.
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2 RELATED WORK

In this section, we first present related work about the interaction
and collaboration within human-Al teams (Section 2.1) and provide
a short background on theory of mind models, which we propose
as an important factor to implement situational adjustment of au-
tonomy in cooperative shared workspace settings. Furthermore,
while there is a large body of previous work defining autonomy and
its possible levels for AT or robotic agents [1, 10, 16, 26, 54, 56, 57],
we focus on the discussion of related work that aims to enable
Al agents to automatically adjust their level of autonomy (Section
2.2). For a more detailed overview on a definition of autonomy
that aligns well with how it is framed in our work, we refer the
interested reader to [10, 54].

2.1 Interactive Human-AI Teams

When humans work with Al systems, there is the potential to im-
prove productivity and overall results in different work domains
[52, 75]. Sometimes, human-AI teams (HATSs) can even outperform
human-human teams [51], which seems to be the case when there
is an interdependence in the HAT [56]. Nevertheless, designing
successful human-Al interaction can be difficult [79, 80] even if first
guidelines exist [3, 35]. Specifically, how the interaction of a HAT
needs to be designed, how their performance is measured, and how
successful they are can depend on the concrete application and
many other factors such as the team structure [56, 74], the commu-
nication between the teammates [56, 82], and their skill levels [34].
It is often necessary for human and Al skills to be complementary
to each other [38, 40, 67]. In addition, teammates should have an
awareness of the situation [22, 41] and about what their teammate
knows and plans. This capability is known as theory of mind, i.e.,
the modeling of mental states of others [76]. These models are
also used computationally in various human-Al interaction settings
[7,17, 23, 30, 37] and have been shown to influence team success for
human-AlI interaction [30]. Such models can ensure that systems
adjust to specific users and plan better (together) with them [23, 45].
So while there are different ways on deciding how to delegate tasks
within a HAT, e.g., by setting specific rules [43], theory of mind
models (ToMMs) can help to improve the understanding about
which task is suitable for which teammate [58] and distribute tasks
better among them [34] to enable more efficient coordination.

2.2 Adaptive Autonomy

Dynamic adjustment of autonomy has been explored well in set-
tings where multiple Al agents collaborate [31, 70]. Additionally,
automatic adjustment of an Al agent’s autonomy has been bene-
ficial in settings where a human operator remotely controls one
or multiple robots in hazardous or space environments [12, 25],
has been used to adapt to different levels of user expertise [45], to
control the amount of requested human input based on a robot’s
context-dependent self-confidence [59, 61], to adapt to the mental
workload of the crew in a cockpit [11], and for path planning of
unmanned aerial vehicles [47]. In particular, Lin and Goodrich [47]
show that human-AlI cooperation with autonomy adaptation can
lead to better performance as opposed to either human or system
completing the task alone. Generally, there is evidence that humans
benefit from [69] and are in favor of systems having a high(er) level
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Figure 1: Overview of sliding degree of AI autonomy. It can range from no autonomy (left), i.e., like a tool completely controlled
by its user, to fully autonomous (right) where a technical system becomes a somewhat equal teammate for the human. It is
important to investigate the interaction paradigms arising when interactive Al systems slide along this autonomy scale. We
propose to investigate the situational adaptation of autonomy in cooperative shared workspace settings.

of autonomy [63] when it helps them achieve their goals. Humans
also share their task load more when they perceive a system’s be-
havior as human-like [73]. Nevertheless, there is also literature
about how humans sometimes prefer when they have control over
systems [3, 46] or reduce the systems’ autonomy [69]. Which level
of autonomy users choose when they can switch manually between
autonomy levels was investigated by Alan et al. [2] for Al-support
in a task where users had to switch between electricity tariffs. In
this study, only half of the participants adjusted the level to semi-
autonomous. All other subjects kept the lowest level of autonomy,
and none of the subjects chose the fully autonomous setting. An
interview-based study on what autonomy level humans prefer in
human Al-interaction for cyber incident response was presented by
Hauptman et al. [33] and for instance showed that humans prefer
higher autonomy in low risk settings and less autonomy and more
control in high-stakes situations. Ball and Callaghan [6] trained
an intelligent work space on human input to automatically adjust
between four autonomy levels.

However, only few works evaluate the potential of adaptive au-
tonomy in cooperative shared workspace settings [23, 29] and did
not evaluate them in real user studies. Fiore et al. [29] present a
framework that incorporates situation assessment and planning
together with human intention prediction and reactive action exe-
cution. Their approach enables a robot to adapt to user preferences,
allowing the human partner to be more passive or active in giving
commands. A theory of mind model for predicting temporary ab-
sence or inattention of the human is proposed by Devin and Alami
[23] to automatically adapt robot communication patterns during
the execution of a cooperative table cleaning task. However, both
approaches are only evaluated with simulated humans.

3 SITUATIONAL ADAPTIVE AUTONOMY FOR
COOPERATIVE TASKS IN SHARED
WORKSPACES

Efficient cooperation in human-AlI teams within shared workspace
settings is highly relevant in various application areas such as as-
sisted living [18], industrial automation [28], or in assistive cockpit
systems [11]. However, as discussed before, there is a lack of con-
crete implementations and systematic evaluations of situational
autonomy adaptation for human-Al interaction in such settings.

While there are helpful (theoretical) conceptualizations for adaptive
Al autonomy, it is crucial to empirically evaluate them with humans
to ensure a validated human-centered approach for the develop-
ment of future Al systems, which was not the focus of previous
work. In Section 3.1 we formally define the setting that we consider
here. Subsequently, we explain our choice of autonomy levels in
this scenario in Section 3.2 and how we adapt them depending on
situational features in Section 3.3.

3.1 Task Setup and Formalization of the
Collaborative Shared Workspace Scenario

For our experimental evaluations, we implement a cooperative
shared workspace setting as an office environment. Here, we focus
on tasks that are purposely designed such that they can only be
completed successfully with a collaboration between human and
Al The collaboration is set within a computer game. The Al is rep-
resented as a robot with a designated space separated by a counter
from the space accessible to the human, as depicted in Figure 2. This
task is inspired by the game Overcooked! and the environment is
based on work by Rother et al. [62]. Similar task setups inspired
by Overcooked have recently been used to investigate human-AI
interactions (e.g., [9, 15, 44, 78]). In our office setting, the joint task
for the human user and the agent is to process incoming boxes.
For example, incoming documents need to be labeled and archived.
Only the human can pick up the documents and only the agent
can pick up the labels, hence, the two have to cooperate. There are
other tasks as well that both can work on without the help of the
other, but these need to be coordinated appropriately. We assume
there is no debating or adjusting of the task goal. The goal is to
be achieved with the help of the Al teammate [53] and the goal is
known to both. We formalize this task similar to a Markov Decision
Process (MDP) [8] where in each time step ¢ in a state s; the agent
chooses an action a; and the human chooses an action a? resulting
in an overall reward r;. In the following subsections, we specify
the set of possible actions, states, and the overall team reward.

3.1.1 Actions. The proposed task setting is intentionally designed
such that there are actions that only the human or only the agent
can execute, and actions that are feasible for both. However, one

!https://www.team17.com/games/overcooked/
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Figure 2: We implemented the cooperative shared workspace setting as an office environment in which a human and an Al
agent (depicted as a robot) process and sort incoming document and book deliveries together. The human can control the
human avatar and interact with objects over the keyboard, give commands to the agent (green box left), see agent’s messages
(blue box) and a timer (red). The list of object actions for the agent and possible human actions is shown on the right.

of them might outperform the other, e.g., in terms of execution
speed. For the agent, we distinguish between object actions A° and
communication actions A€. This results in the set of overall possible
actions for the agent

A={A° A%} = {a],a), ....aj’\], af, ...a5, ...ag/l}, 1)

where N denotes the number of possible object actions and M de-
notes the number of communication actions. The list on the right
in Figure 2 summarizes the object actions for the agent and the
executable actions for the human in the setting used for our ex-
perimental evaluation. More concretely, object actions formalize
the interaction with the task environment, i.e., moving towards or
processing objects, such as SORT-BOOK or GIVE-LABEL-A. Com-
munication actions are used to inform or ask the human about a
change to the agent’s current action or suggest a change to the
human’s action. The set of possible communication actions of the
agent towards the human is defined as A€ = {Present all feasible op-
tions of A in s; and ask human to choose; Present agent’s current
perceived best action a;‘ in s; and ask for confirmation; Switch to
execute agent’s current perceived best action aj in s; and inform
human about action switch; Inform human about an event and
suggest to the human to execute a specific action dj, € Ah}.

3.1.2 States. We distinguish between the true underlying envi-
ronment state and the environment state as the agent currently
perceives it s;. Only the latter can be used by the agent to make
choices about actions or situational autonomy adaptation. The
agent has full access to its own current state s;, however parts
of the human state si’ or object states s{ might be only partially
observable and the agent can only form a belief about the true
underlying states over time. As a result, the state from the agent’s
viewpoint is defined as

st = {s5.b(s), b(sD)}, )

where b(si‘), denotes the agent’s current belief over the human
state and b(sy) denotes the agent’s belief over the current object
states. The state of the agent is defined as s" = {x,,yr,yr.gr},
where x, and y, denote the agent’s position in pixel coordinates, y,
denotes its orientation and g, the agent’s current action goal, e.g.,
SORT-BOOK or GIVE-LABEL-A. The state of the human is defined
as s" = {xp, Y Yo G {o{‘“’, oi‘“’}}, where xj, and y;, define the
human position, y; denotes the human’s orientation, g5, denotes the
current human action goal and {o{ov, s oi"v} are all objects that are
currently within the human’s field-of-view. The object states are
defined for each object j by their position x7, y} and their specific
(boolean) properties pj (e.g., processing state of the document, or
ringing/not ringing for the doorbell).
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For our experimental evaluation, we assume that the human
position as well as all object positions and properties are fully ob-
servable for the agent, and it only needs to form a model about the
current human goal and the human’s perception of objects. Specifi-
cally, the agent could compute an estimate about the next human
goal based on the history of state-action pairs. For the field-of-view
of the human in our task, the agent assumes the human can see
straight ahead and 45 degrees of their periphery. This assumption
matches the implemented area that is visible to the human during
the task, as illustrated in Figure 3. All objects within this area are
assumed to be visible to the human. However, it should be noted
that due to human attention, the true perception of the human
might differ from this assumption.

3.1.3 Overall Task Goal and Rewards. We consider a task set-
ting where a human and an agent work together to maximize a
joint team reward that is known to both of them. In our experimen-
tal implementation, the overall task goal for the human-AI team
is to organize the contents of as many delivery boxes as possible
within a fixed time limit. The boxes contain two different types
of documents (green and blue) and books. The documents have to
be processed, filed into correctly labeled folders, and stored in a
shelf. There are also books that need to be placed in a bookshelf.
Additionally, trash needs to be thrown into the bin. In each time
step, we formally define the team reward r; as

+5, if completed folder is sorted into shelf;
rs ;=14 +5, if book is sorted into shelf;
+1, if trash is put into trash bin.

At the beginning of the task, there is one box in the shared workspace.

New boxes are delivered one after another over time. To maximize
team reward, it is crucial that not only are the documents and books
in the boxes organized correctly, but also that as many box deliver-
ies are accepted as possible. A new delivery is always indicated by
a ring of the doorbell (by the doorbell symbol turning from black
to red and a timer being displayed in it). Either the human or the
agent have to answer the doorbell for the box to be delivered, but
due to the human’s limited field-of-view (as shown in Figure 3 the
participants cannot always see the doorbell (and therefore might
miss that it is ringing). As shown in Figure 2, the boxes can contain
up to five books and two of each document type. When a delivery
is accepted, the boxes get filled to their limit. Thus, the aim is to
work through as much of the content as possible until the next
delivery arrives. For example, if all five books are sorted into the
shelf, five new books can be delivered next. However, if only two
are sorted, then only two can be delivered (as the maximum limit
remains five). If the doorbell is not tended to within a defined time
limit, the box delivery is missed.

3.2 Al Autonomy Levels and Action Selection

To investigate effects of situational adaptive autonomy on human-
Al interaction in a shared workspace, we require a concrete imple-
mentation of autonomy levels for the Al agent. In Section 3.2.1 we
explain our design of autonomy levels and compare it to existing
definitions in the literature. Subsequently, in Section 3.2.2 we de-
scribe the influence of the Al agent’s autonomy level on its action
selection process.
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Figure 3: The task setup is displayed here with the field-of-
view that is activated during the experiment. During the
trials, participants cannot see, e.g., what is behind them as it
is not shown with the limited field-of-view.

321 Autonomy Level Design. Existing conceptualizations for
autonomy levels are often proposed abstractly and without concrete
applications or tasks in mind [26, 27, 54, 56, 57, 64, 65]. Some con-
ceptualizations focus on the level of automation that is technically
possible [10] others on how much the human is involved in the
decision-making process [26, 59], or on trying to define autonomy
[57]. One of the most established conceptualizations is the model of
Parasuraman et al. [56, 57]. Their model distinguishes 10 discrete
levels of automation, where in level 1 the Al offers no assistance
and in level 10 the AT acts fully autonomously, ignoring the human.
From a practical point of view, if the Al was to adapt its autonomy
level in different contexts, it might be challenging for humans to
repeatedly adjust their mental model of the AI’s capabilities and
possible interactions to 10 different autonomy levels [71]. There-
fore, we decided to base our implementation of autonomy levels
on a recent reduction of the original levels by Parasuraman et al.
[57] into only three levels, i.e., High Agent Autonomy, Partial Agent
Autonomy and No Autonomy/Manual Control which O’Neill et al.
[56] introduced and Hauptman et al. [33] recently also used in their
work on human-AlI interaction for cyber incident response. We
decided to split the No Autonomy/Manual Control level such that
we distinguish between four autonomy levels. Specifically, in low
autonomy the control is fully manual but in contrast to no auton-
omy the agent can actively ask for instructions when it assumes
that there is a need to change its current action. Our resulting four
autonomy levels can be categorized by how much initiative the Al
agent takes within the human-AlI team by either suggesting next
actions once it completed a sub-task or alternatives to its assigned
sub-task if it assumes a benefit for the overall team performance.
Specifically, we distinguish between No Autonomy, Low Autonomy,
Moderate Autonomy and High Autonomy.

Since we want to design a system that automatically adapts
its autonomy level, we need to consider which situations would
require (autonomous) action changes of the agent. Furthermore,
these should be situations which typically arise during human-AI
interactions. Table 1 summarizes the concrete implications of our
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four autonomy levels on the agent’s behavior in three such situation
types.

In Situation Type 1the agent encounters a problem that makes
further execution of its current action infeasible. A concrete exam-
ple of this situation type in our task is when during the SORT-BOOK
action the agent notices that there are no more books left to sort
within its reach. In this case, the agent can either switch to idle
mode (no autonomy), ask the human what to do (low autonomy),
suggest the next action it considers beneficial and wait for human
confirmation (moderate autonomy) or directly execute the next
action and inform the human about this switch (high autonomy).

In Situation Type 2 the agent notices a higher priority task that
makes a switch to another action within the agent’s own action
space beneficial w.r.t. overall task performance. In our setting, this
is the case when, e.g., the agent is sorting trash and notices that the
doorbell is ringing. If the agent does not switch to accepting the
delivery, it would be missed. The agent can either ignore the higher
priority task and continue with its current action (no autonomy) or
ask the human what to do (low autonomy). Alternatively, the agent
could inform the human about the higher priority event, suggest
the next action it considers best and wait for confirmation of the
human (moderate autonomy), or the agent could directly switch to
this action, i.e., autonomously accepting the delivery, and inform
the human about its action switch (high autonomy).

Situation Type 3 is different from the first two in that it encom-
passes situations in which the agent notices that a change of not
only its own action but also of the human’s action might lead to
overall better task performance. For example, if the human sorts
all books instead of placing them on the book rack, such that the
agent can sort them, this can lead to reduced efficiency. Instead, the
agent could ask the human to place the books on the rack. This way,
the agent can contribute by sorting books and the human could
instead process documents such that both teammates can work
in parallel. In this type of situation, the agent can either make no
suggestion for improved task distribution and just continue with
its current action (no autonomy), ask the human what to do (low
autonomy), or the agent suggests what it considers to be the best
option for redistributing the tasks and waits for confirmation (mod-
erate/high autonomy). Note that in this situation type, there is no
difference between moderate and high autonomy, since a change
in the human’s behavior always requires compliance of the human
and therefore cannot be done fully autonomously by the agent.

3.2.2 Action Selection. The state s;, which includes, e.g., the
human’s position and estimated current action, the agent’s own
relative position to objects, and current object properties, deter-
mines which actions are currently feasible for the agent. In case
one of the three situation types as defined in Section 3.2.1 occurs,
the agent determines which of its feasible actions it considers to
be the next best action a*(‘ 1)’ For our experimental evaluation,
we choose a fixed, heuristic order for all possible sub-tasks. Based
on this prioritization, the agent determines a} 1) The order of

priority from high to low is to answer the doorbell (if it cannot be
answered by the human), provide labels if the agent recognizes a
need for it from the human, sort books and lastly, dispose of trash.

If a’(‘ r+1) does not match the agent’s current action, it can execute
one of its communication actions to initiate a switch of its action.

Salikutluk, et al.
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Figure 4: The agent selects its next action based on the current
state and its autonomy level. Human commands overwrite
the next planned action, even though the agent can question
them once, depending on its degree of autonomy.

The agent’s current autonomy level determines which communi-
cation actions are available and how they are presented. In each
time step, it is also possible for the human to command an action
to the agent. However, in moderate, high or dynamic autonomy
level the agent can suggest an alternative if it considers this action
to not be the best one in the current state. Nevertheless, the agent
will adhere to the given command of the human and only switch
if the human confirms its alternative. This allows for the human
to have control at all times, if necessary. Figure 4 summarizes how
the agent decides on its next action.

3.3 Situational Autonomy Adaptation in
Cooperative Shared Workspaces

While higher Al autonomy can be required for some complex tasks
[50], it does not always increase the overall team performance [26].
Automatic adaptation of the AI agent’s autonomy level depend-
ing on the situation at hand might therefore be beneficial within
human-Al teams [54, 70]. In this section, we propose that such
situational autonomy adaptation for an Al agent in a cooperative
shared workspace should be based on five criteria: 1) the agent’s
self-confidence within a sub-task, 2) the effects of sub-task execu-
tion failure, 3) the agent’s theory of mind model about the human
partner, 4) competence comparison between agent and human, and
5) whether a modification of human behavior is required or not.
The selection of these criteria and their implementation for our
experimental setting is based on a literature review of existing
related methods for autonomy adaptation and a pilot study. In this
pilot study, we evaluated task performance with 28 participants
who each completed 3 trials in one of the four fixed-autonomy levels
that we defined in Section 3.2.1. We also collected additional think-
aloud data with another 8 participants during 3 trials, again with
fixed-autonomy levels (two participants per condition) which were
transcribed and coded with a grounded theory approach [19, 68]
with MAXQDA.? The setup differed slightly between the pilot study
and our experiment presented in Section 4 as, e.g., there were fewer
deliveries per trial, and we adapted the agent’s communication

2https://www.maxqda.com/
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Situation Type 1

Problem occurs during
current action execution
of the agent

Situation Type 2

During execution of its
current action, agent
notices higher priority
event that could be
addressed within

its own action space

Situation Type 3

Agent notices benefit
of a sub-task
redistribution

or higher priority
event that influence
the actions human

should choose.

No suggestion for
improved task
distribution. Continue
with current action.

Ignore more important
action. Continue with
current action.

No Autonomy Idle

Ask human what to do from the set of feasible actions

Low Autonom . .
y in current state and wait for human commands.

Inform the human about
higher priority event

and suggest alternative action
considered best that

the agent could switch to.
Wait for human
confirmation/rejection.

Suggest the alternative
action considered best.
Wait for human

confirmation/rejection.

Moderate Autonomy Suggest the option
for task plan
redistribution
considered best
between human and
agent. Wait for

confirmation/rejection.

Switch to best alternative
action to address higher
priority event. Inform
human about action change.

Execute the alternative
action considered best.
Inform human about
action change.

High Autonomy

Table 1: Overview of situation types that can occur during our cooperative organizational task within our shared workspace
setting and the agent’s behavior based on its autonomy level. The explanations show what the agent would recognize as the
current type of situation and how it would act and communicate with its human teammate on each autonomy level based on
the situation type.
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Figure 5: The adaptation of the Al agent’s autonomy is based on the current situation and our criteria for adjustments. These
criteria are 1) the agent’s self-confidence within a sub-task, 2) the effects of sub-task execution failure, 3) the agent’s theory of
mind model of the human partner, 4) competence comparison between agent and human, and 5) whether a modification of
human behavior is required or not.
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messages and their position based on the participants’ feedback
from the pilot study.

The first two criteria, i.e., the agent’s self-confidence in its own
competence to complete a certain sub-task correctly [29, 59, 61]
and overall sub-task prioritization [29] are the most prominent of
the five criteria in the literature. In particular, an Al system should
lower its autonomy when uncertainties or problems arise or if a
mismatch between its own competence and (sub-)task requirements
occurs. An increase in autonomy can be advantageous, e.g., when it
is evident that the agent can complete the task correctly and when
only autonomously switching to a sub-task with higher priority
can prevent catastrophic failures. In our pilot study, these two
principles also held true for our experimental setting. Specifically,
participants preferred a high degree of agent autonomy in tasks
that were executed with high precision, i.e., sorting books when
they were accessible to the agent or tending to the doorbell if it
was needed. This was also reflected in the task performance as, e.g.,
in high autonomy conditions there were clearly more books sorted
than in the other conditions.

However, in a cooperative shared workspace setting it is crucial
to consider that the Al agent is not executing a task on its own but
in a team with a human and thus needs to take its human partner
into account [34, 56]. Therefore, theory of mind models (ToMMs),
i.e., modelling the human’s current and planned goals become an
important aspect for the adaptation of the agent’s autonomy level
and with it its initiative and behavior. This has not yet been a
main focus in the field of autonomy adaptation and was so far only
considered in few works [23, 29, 45]. Nevertheless, Musick et al.
[55] showed that the ability to predict the actions of teammates is
central to performance in human-AlI teams. This aligns well with
insights from our pilot study, which showed that it was generally
perceived well when the agent anticipated actions that were of ben-
efit for the plan of the human teammate. If the agent, e.g., decided
autonomously to hand over the needed label to the human, it was
perceived positively.

However, there were also instances in the high-autonomy condi-
tion in our pilot study that demonstrated a need for the agent to
consider its certainty in its model about the human partner. Specif-
ically, when the agent predicted the wrong color for the required
label and autonomously handed it over, it caused confusion and
frustration for some participants. Two examples from our think-
aloud data illustrate this well: One participant commented “There
are two green documents lying here, and he wants to bring me a
blue label”3, and another exclaimed “Again, weird that blue labels
are suggested, even though I am just handling green documents all
the time”3

Another important aspect for dynamically switching the agent’s
autonomy is the comparison of competence between the teammates.
For instance, in multi-agent settings where two or more Al agents
work together, this is a basic underlying factor of task distribution
and autonomy scaling within a team [29, 70]. However, it became
clear in our pilot study that even if an agent correctly recognizes
that the human could do a certain task better than itself and there-
fore suggests a redistribution of tasks to the human, the human is
not always in favor of following the Al agent’s suggestions. The

3translated from German
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following quotes from participants illustrate this case, “[...] just
now I find it annoying again that it is suggesting that. The agent
should first finish its task”® They also were irritated if the suggested
change for their behavior was what the human already had in mind
to do next: “Now again. The suggestion was not necessary because
it was the only thing I could do anyway.”®

We applied these five criteria which we identified based on the
insights from previous work and our pilot study to implement a
set of specific rules for the agent’s autonomy adaptation in our
task setting. These criteria, which are summarized in Figure 5, are
important factors that we consider crucial to the interaction of
successful human-Al teams. From these general criteria, we derived
and implemented specific rules for the behavior of our Al agent in
our task design. These rules, which are presented in Table 2, describe
how the agent switches between different autonomy levels and,
thus, behaves based on how it perceives the situation. For instance,
our ToMM recognizes a set of pre-defined human actions from
human position and object features and computes which objects
are visible to the human from the estimated field of view to, e.g.,
predict that the human will need a label. Depending on the agent’s
self-confidence about which label color is currently needed, it can
then determine which autonomy level to switch to. If the agent has
low confidence, it switches to low autonomy and simply asks the
human what to do (rule 1 in Table 2), but if its confidence is high, it
switches to high autonomy and will directly bring the human the
label of the predicted color (rule 3 in Table 2). It should be noted that
these rules are only a first heuristic implementation of the proposed
concept, and neither the criteria nor the derived rules are necessarily
exhaustive. However, these rules offer a valuable starting point to
gain empirical insights about the effect of situational autonomy
adaptation in a cooperative shared workspace setting.

4 EXPERIMENTAL EVALUATION

In this section, we present our evaluation of team performance in
human-AI collaboration in the simulated shared workspace that we
presented in Section 3.1. In addition, we also report the participants’
subjective perception of the collaboration with the Al agent.

4.1 Methods

We collected data from 50 participants (26 male, 24 female, 18—-34
years old). The experiment was approved by the local ethics board
and all participants provided informed consent. We use a between-
subject design with five conditions (the four fixed autonomy levels,
i.e., no, low, moderate, and high and the situational autonomy
adaptation). Each participant completed three trials of eight minutes
each. With 10 participants in each condition, we thus have 30 trials
per condition overall. Each participant was instructed to solve the
office task as best as possible together with their AI collaborator.
The experiment was conducted in German, the participants’ native
language. All experiments were conducted in a lab setting at a
desktop computer. In all conditions, the participants first received
written instructions for the task, the goal, and the communication
with the Al agent on screen. Additionally, participants completed
two training trials to familiarize themselves with the environment,
task, and controls. The participants controlled the human avatar
with the arrow keys and interacted with objects using the space bar
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Aut
Explanation of the Situation Wonomy | Next Action
Level
A izes th for label he h ;
gent recognizes the need for labels by .t e human; Low Ask human what to do
self-confidence of correct label recognition is low
Ask human
Agent izes th d for labels by the h ;
gen® recopizes the need ot fabe's by e umat; Moderate if they want the proposed label and
self-confidence of correct label recognition is medium . . -
wait for confirmation/rejection
Agent izes th d for labels by the h ;
gent recogrizes Tie neec or fabes by tne mman; High Bring label of recognized color
self-confidence of correct label recognition is high
While di ing of trash
re cisposing o ash, High Sort Books
the agent recognizes that books can be sorted
A delivery arrives and needs to.be .accepted, High Accept delivery
but the human does not recognize it or is too far away
A delivery arrives and needs to be accepted, Ask the human to answer the doorbell
the human doing another task but is closer to doorbell | Moderate wait for confirmation/rejection
than the agent if human rejects agent answers doorbell
Ask human to switch to alternative
Agent receives a (perceived suboptimal) command Moderate suggested action and wait for
and makes a counter-proposal confirmation/rejection; if rejected
execute original human command
Agent idles e.g. because it
completed its prior task and is confident High Execute Next Task
about what next action to take
1dl i i
While sorting books, the agent runs out of books Go told & (expecting to continue
. . No book sorting soon and do
and the human is about to deliver new books . .
not disturb human with message)
Ask h if they instead
Agent wants to change the perceived S’ atman it Ty mnstea .
would execute the proposed action
plan of the human Moderate . . .
. . . (that it is perceived to be more efficient);
(as human action is perceived as suboptimal) . . L
wait for confirmation/rejection

Table 2: Overview of concrete implemented rules for AI autonomy adaptation and the agent’s behavior for our cooperative
organizational task within our shared workspace setting. The explanation of the situations describes what the agent would
recognize as the current situation and adjust its autonomy level to the indicated ones in the middle column in order to derive

its next action, which are shown on the right of the table.

on the keyboard. Commands to the agent were given by clicking
on them with the mouse. We developed the environment, which is
based on work by Rother et al. [62], with pygame (version 2.0.1).
The participants were informed that sorting books and process-
ing folders was most relevant for the overall reward, while sorting
trash was less relevant. We collected all game-based user inputs
(commands, reactions to agent requests) and all of our objective
measures (number of completed folders, number of sorted books,
number of sorted trash) within the environment during the exper-
imental trials using JSON files. Participants proceeded with the
first training round of three minutes without the field-of-view ac-
tivated, thus participants saw the entire setup as shown on the
left in Figure 2. This allowed participants to familiarize themselves
with the general workspace structure and game dynamics. All ini-
tial positions of the objects, the overall layout of the workspace
and difficulty of the task itself remained identical throughout all
training and experimental trials. Afterward, in the second training
round, the field-of-view was activated as shown in Figure 3 such
that the participants could get used to the navigation and task with

the limited field-of-view they would have during the experimen-
tal trials. During these two training rounds, the Al agent did not
execute any actions without being given a command nor send any
messages to the human. Once the familiarization was completed,
participants continued with the experimental trials. All of the three
experimental trials have the same limited field-of-view constraints.

After the trials, we asked the participants to complete a question-
naire to indicate their agreement - on a 5-point Likert scale — with
statements about the Al agent’s helpfulness, their overall teamwork,
and how cooperative they perceived the agent to be. In addition,
we asked participants to rate how intelligent, autonomous, and
responsible they perceived the Al agent to be. Our items are mostly
based on the ones used in Schermerhorn and Scheutz [63] but were
translated into German. All of them are shown in Table 3 (1-9). All
questionnaire data were collected with Soscisurvey (version 3.1.06)
[24] and the detailed list of questions can be found in Table 3.

In addition, we showed participants replays, i.e., reconstructed
videos of their gameplay, for specific examples of the situation
types that we defined in Section 3.2.1 and which are presented
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in Table 2. We asked participants to watch these replays and an-
swer three questions, i.e., how helpful and appropriate the agent’s
actions and suggestions were in the shown situation as well as
how well it communicated them. The specific items are shown in
Table 3 (10-12). The participants were additionally able to write
comments or remarks for each situation. Since these replays allow
the participants to reflect on their and the agent’s behavior and
recognize communications or actions that they might have missed
during the trials, we let them complete the same questionnaire that
they filled out before the replays, again. Participants also reported
if they wanted the agent to show more or less initiative and if so,
write a comment about which way they would want that. Lastly,
they could write any comments or notes they had in general at the
end of the experiment.

4.2 Results

We analyzed objective measures of task performance and interac-
tions between the human and the agent, as well as the subjective
answers about the participants’ perception of their Al teammate.

4.2.1 Task Performance of the Human-Al Team. We evaluated
the task reward as defined in Section 3.1.3. In comparison to the
fixed autonomy levels, situational autonomy adaptation achieved
the highest mean and median reward of 220 (SD = 36). The mean
score in the no-autonomy condition was 206 (SD = 34.6), 197.4
(SD = 30.9) in the low-autonomy condition, 203.3 (SD = 30.6) in
the moderate-autonomy condition, 210.9 (SD = 36.8) in the high-
autonomy condition. These results are visualized in Figure 6 (a).
We performed pair-wise comparisons between each combination
of conditions to test for significant differences with an independent
t-test (with & = .05), which revealed that there were no significant
differences between the conditions w.r.t team performance score.
Since we ran tests for each pair of conditions, we applied a Bon-
ferroni correction for every analysis (5%4/2 pairs give a Bonferroni
factor of 10).

Additionally, we analyzed the differences in sub-task perfor-
mance in each condition, i.e., how many books were sorted and
folders completed. Most books were sorted in moderate (mean =
25.5 SD = 4.3), adaptive (mean = 25.4 SD = 6.0) and high (mean
= 25.1 SD = 5.4) autonomy conditions compared to no (mean =
24.4 SD = 4.5) and low (mean = 23.0 SD = 4.2) autonomy condi-
tions. Participants completed the most folders in the conditions
of high-autonomy (mean = 17, SD = 3.21) and adaptive-autonomy
(mean = 16.6, SD = 4.23) compared to moderate-autonomy (mean
= 14.8, SD = 3.21), low-autonomy (mean = 15.6, SD = 2.51) and
no-autonomy (mean = 15.8, SD = 3.63) conditions. While these
difference were not statistically significant, we found a significant
difference in how many deliveries were accepted between the no-,
low- and moderate-autonomy conditions compared to the high- and
dynamic-autonomy conditions (all comparisons reveal significant
differences with Bonferroni-corrected p-values being < 0.01, except
between no- and high where the p-value is < 0.05). These results
are shown in Figure 6 (b).

4.2.2 Interactions with the Al Agent. We investigated how
many commands participants gave to the agent and found sig-
nificant differences between no- and low-autonomy conditions

Salikutluk, et al.

compared to moderate-, high- and dynamic-autonomy conditions
(all significant p-values < 0.001, Bonferroni-corrected independent
t-test). This difference can be seen in Figure 7 (a). Most commands
were given for the agent with no autonomy (mean = 30, SD =
5.95). In the low autonomy condition, the agent also received a
high amount of commands (mean = 31, SD=3.6). These findings
reveal expected interaction patterns, since, by design, these condi-
tions require more commands to achieve cooperative task success.
Furthermore, considerably fewer commands were given in the mod-
erate (mean = 19, SD=7), high (mean = 16, SD = 6.4), and adaptive
autonomy conditions (mean = 17.5, SD = 5.4).

In addition to the amount of commands given by the human, we
also analyzed the amount of messages generated by the Al agent.
Figure 7 (b) illustrates these results. Per definition, there are no
messages generated by the no autonomy agent. Even though in
the low autonomy condition, the agent actively asks the human
what to do in case one of the situations described in Table 1 occurs,
participants only reacted to 27% of these messages over all 30 trials
(598/2181).

In the dynamic and moderate conditions, the agent showed mes-
sages to the human to suggest the action it currently considers
beneficial and waits for confirmation. It should be noted, that we
intentionally implemented this action in a way that the agent does
not always recognize the correct label color the human would need.
Therefore, in these cases, the agent makes an error and suggests a
suboptimal action. Overall, in the moderate autonomy condition,
humans accepted 65.6% of the agent suggestions that were pre-
sented across all 30 trials (744/1134) and in the dynamic condition
they accepted 41.6% (259/622). In the high autonomy condition, the
agent only generated messages in case it suggested a change to the
human’s current actions, e.g., asking the human to put books in the
rack. Participants answered those, in only 15% of cases across all
30 trials (22/140).

Figure 7 (c) shows the total amount of interactions between the
human and the agent, i.e., the sum of commands and human answers
to action suggestions from the agent, i.e., all their communications.
We find large significant differences between all combinations (p-
value < 0.05 for no-low, low-moderate; p-value < 0.01 for high-
dynamic; all other p-values < 0.001). The smallest number of overall
interactions occurred in the high autonomy condition (mean = 8.4,
SD = 8.9) followed by adaptive (mean = 13, SD = 6.5), moderate
(mean =22.35, SD= 6.6), low (mean = 25.9, SD = 8.8), and no (mean
= 29.7, SD=5.9) autonomy conditions.

For those cases where the high autonomy agent handed over
labels of the wrong color, it is important to note that only 3 partici-
pants placed those labels on the trash pile (10 labels over all trials).
In all other cases, participants either counteracted the agent’s ac-
tion to provide the wrong label with a command or adapted their
own strategy to make use of the offered label.

4.2.3 Subjective Perception of the Al Agent. The participants
answered the questionnaire about their subjective perception of
their teammate twice, once before watching the replays and once
afterward. There were no significant deviations in the subjective
answers before and after watching the replays, except for the state-
ments “Agent was cooperative” and “Agent was capable” in the
no autonomy condition. In these two cases, subjects on average



An Evaluation of Situational Autonomy for Human-Al Collaboration in a Shared Workspace Setting

Overall Achieved Task Performance Score

Statement: The Al Agent is Intelligent.

CHI ’24, May 11-16, 2024, Honolulu, HI, USA

Rating: More Al Initiative is Desired

275 o T
5 ,,
5 o
250
2 || - l 4 )
c = —

$ 200 i ! - £ = £ 3
o i [
O (9] (9]
%) - 53 5

175 < <

o N : !
150 H 2 o
125 . I I 1
o ° 1
No Low Moderate High Adaptive No Low Moderate High Adaptive No Low Moderate High Adaptive
Autonomy Level Autonomy Level Autonomy Level
@ (e)
Number of Accepted Deliveries Statement: The Al Agent is Autonomous. Rating: Less Al Initiative is Desired
r ~ r 1 [
- T | —— |
7 " = | -
— 5

m\

el

2

g° -
o | ! | | === T c
e} (9}
n5 ° 9]
. 2
s <3
T4 °

(=]

w
N

2 ° 1

C ol
2 0 o .

Agreement
w I

No Low Moderate High Adaptive No
Autonomy Level

(b)

Low Moderate High Adaptive No

Autonomy Level

Low Moderate High Adaptive

Autonomy Level

(f)

Figure 6: Overview of empirical results comparing fixed and situational adaptation of AI autonomy in our cooperative task
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within shared workspaces.

indicates a p-value < 0.001, ** stands for p < 0.01 and * shows p < 0.05. All p-values are Bonferroni-

corrected taking into account the 10 pairwise comparisons in each subplot. The mean is depicted as a dashed and the median as
a solid line. (a) Overall team reward scores, i.e., task performance, in all conditions. (b) Overview of how many deliveries were
accepted in each condition. There are significant difference between no-, low- and moderate autonomy conditions compared to
the high- and dynamic autonomy conditions. (c) Results showing agreement to the statement “The Al agent is intelligent.” in
each condition. (d) Results showing agreement to the statement “The Al agent is autonomous.” in each condition. (e) Results for
question about if more initiative is desired from the AI agent in each condition. (f) Results for question about if less initiative

is desired from the AI agent in each condition.

lowered their rating after watching the replays (average rating “co-
operative” before replay = 4.3 vs. after replay = 3.0; average rating
“capable” before replay = 4.5 vs. after replay = 3.7). Here, we only re-
port the detailed results after the replays, i.e., after the participants
had the chance to reflect on their own and the agent’s behavior.
The results for all 9 questionnaire items over the five autonomy
conditions are presented with their means and standard deviations
in Table 3 (1-9). We discuss the results of pair-wise comparisons
of independent t-tests (Bonferroni-corrected for each item, like
before).

The results show that even though the agent is perceived as
most autonomous in the high autonomy condition, it is perceived

as most intelligent when it adapts its autonomy to the current situ-
ation. These results are also visualized in Figure 6 (c) and (d), with
a significant difference between no and adaptive for the perception
of intelligence (p-value = 0.019) and for the perception of agent
autonomy between no and moderate (p-value= 0.018). The differ-
ences in perceived agent autonomy are also significant between
no and both high and adaptive autonomy conditions, as well as
between low and high (all p-values < 0.01). Furthermore, there
are significant differences between the low condition compared
to the high and adaptive ones (both p-values < 0.001) about the
agent making its own decisions (item 3 in Table 3). Additionally,
there were significant differences between the no autonomy agent
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Figure 7: Overview of our empirical results comparing the type of interactions that occurred when comparing fixed and
situational adaptation of Al autonomy in our cooperative task within shared workspaces. *** indicates a Bonferroni-corrected
p-value < 0.001, ** indicates p < 0.01 and * shows p < 0.05. Mean is depicted as dashed and Median as solid line (a) Overall
number of commands given in each condition. (b) Overall number of question from the AI agent that the human reacted to, i.e.,
answered the agent by e.g., confirming a question like if the agent should bring the human a blue label. (c) Overall interactions
within the human-AI team. This includes all communications, i.e., all commands the human gave directly to the agent as well

as all answered requests or questions from the AI agent to the human.

compared to high and adaptive agents (both p-values < 0.05) for
perceiving the agent like a team member (item 5 in Table 3) and
finally between moderate and adaptive (p-value = 0.041) for the
agent’s contribution towards the team goal (item 6 in Table 3).

At the end of the experiment, we asked our participants to indi-
cate whether they would have wanted the agent in their condition
to exhibit more or less initiative on a 5-point Likert scale and with
free text comments. As shown in Figure 6 (e) in the no- and low-
autonomy conditions, more autonomy was clearly desired. The
written comments pointed out that participants wished the agent
to be more proactive (e.g., sort books, proactively bring labels or
tend to the doorbell itself) instead of only waiting for commands.
They also remarked that the communication in the low autonomy
condition was missed frequently because they were focused on
their own task, and they wished for a change in the communication
style (but did not specify in what regard).

Figure 6 (f) visualizes if participants wished for less initiative in
the different conditions. In the comments for the moderate auton-
omy condition, the participants pointed out that they would prefer
the agent to execute some tasks, such as sorting books or answer-
ing the doorbell, without always asking for their confirmation. In
contrast, in the high autonomy condition most participants wished
for higher agent accuracy, when they noticed it made mistakes and,
e.g., autonomously provided wrong labels. However, regarding the
confirmation requests in the dynamic and moderate conditions, one
participant reported wanting the labels to not just be suggested but
be delivered even if they are “wrong”. Another participant wanted
the agent to first inform them which label it will bring over, such
that the participant can then — based on that label — decide what

document to process next. Lastly, participants wanted even less
initiative when the suggestions required any changes to their own
plan. For instance, three participants reported the agent asking
them if they could place books on the rack such that it can sort
them, but they felt like it was interrupting their own workflow.
Thus, they did not like it when the agent made such suggestions.

Finally, we examined how participants rated the agent’s actions
and communication when they watched the replays. The replays
showed a variety of situations of the situation types in Table 1, that
occurred during each participant’s own trials. Note that not all sit-
uations occurred equally for every participant, so we have varying
numbers of answers for each participant. We find significant differ-
ences between no and moderate conditions and high and adaptive
conditions for how helpful the agent was rated (item 10 in Table 3)
and how well it communicated its actions or suggestions, i.e., item
12 in Table 3 (all p-values < 0.001). Ratings for how appropriate
the agent’s action or suggestions were (item 11 in Table 3) show
significance between the low and adaptive condition (p-value =
0.00002) and between no and all other conditions (all p-values <
0.001). Additionally, there are significant differences between the
perception of the communication and helpfulness between low
compared to moderate, high and adaptive (all p-values < 0.001). All
mean values (and SDs) of the ratings for all participants in each
condition are shown in Table 3 (10-12).

5 DISCUSSION

With the current rapid progress in the field of Al, it is important
to not only focus on its technical development, but to also ensure
that AI systems are designed to actually be helpful for human
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Item/Autonomy Level No Low Mod. High Adaptive
1 | The agent was helpful. 35(1.3) | 4.1(1.0) | 45(0.5) | 4.4 (0.6) | 4.3 (0.4)
2 | The agent was capable. 3.6 (0.9) | 4.4(0.6) | 4.5(0.5) | 4.2(0.7) | 3.9(0.8)
3 | The agent appeared to make its own decisions. 1.5(0.6) | 1.6 (0.6) | 2.8 (1.3) | 3.8 (0.9) | 4.1(0.7)
4 | The agent was cooperative. 3.0 (1.5) | 3.6 (1.1) | 3.8(0.9) | 4.1(0.9) | 4.2 (0.6)
5 | The agent acted like a member of the team. 3.0 (0.6) | 3.8(0.7) | 4.0(0.7) | 4.3(0.9) | 4.1(0.5)
The agent contributed as much as me
6 | to achieving the goal. 2.6(0.9) | 32(1.2) | 22(1.2) | 3.5(1.1) | 4.0 (0.7)
7 | The agent is intelligent. 2.1(0.9) | 2.1(1.2) | 2.6(1.1) | 2.6 (0.9) | 3.6 (0.6)
8 | The agent is autonomous. 1.4 (0.4) | 2.0 (1.0) | 2.8(0.9) | 4.1(0.7) | 3.2(0.9)
9 | The agent is responsible. 24(1.2) | 3.2(1.4) | 3.2(1.0) | 3.2(0.8) | 3.4(0.6)
10 | How helpful was the agent’s action? 2.4(1.2) | 29(1.5) | 3.6(1.3) | 3.7(1.3) | 3.8(1.2)
How appropriate was the agent’s
11 action or suggestion? 2.8 (1.3) | 3.3(1.3) | 3.8(1.2) | 3.7(1.2) | 3.8(1.1)
12 | How well did the agent communicate its action? | 1.8 (1.0) | 2.5 (1.4) | 4.1 (1.1) | 3.8 (1.2) | 4.0 (1.0)

Table 3: All items used in our questionnaire which all participants in each condition answered. The first five items are based on
[63], and items 6-9 the remaining ones were added by us. Furthermore, the items that were used during the replays are shown
in 10-12. In the table, we report the mean values of agreement the participants indicated and the standard deviation in brackets.

users. Thus, it is necessary that the development process is human-
centered [66, 79, 80]. Especially in shared workspaces, where AI
systems are not just used as tools but rather need to function as a
teammate to the human, it is crucial to design them to be collabo-
rative in order to improve task performance. Thus, in order to test
the effectiveness of human-Al teams, we focus on a setting that,
by design, requires the teammates to work together to complete
the task successfully instead of settings in which the human or the
agent could complete the overall task on their own. An essential
factor to consider in such human-AlI interactions is the Al team-
mate’s autonomy level [50, 51]. In some cases, e.g., in tasks where
full sub-task automation is preferred by users and Al systems do
not make any mistakes, it will be beneficial to constantly have high
Al autonomy [50, 51]. In other cases, when humans want to remain
in control and there are high stakes or an Al system’s capabilities
are limited, it will be better if Al systems remain only on low(er)
autonomy levels [2, 33]. However, many real-world applications of
Al systems will most likely contain situations with aspects of both
cases, i.e., there will be low-stakes situations that are well within
the Al agent’s capabilities and there will be high-stakes situations
that the agent cannot deal with. For such applications, we consider
the ability of an AI agent to dynamically adapt its own degree of
autonomy between sub-tasks and situations essential. This is par-
ticularly important in settings in which humans and Al agents have
complementary skills, and thus only perform successfully when
they have more autonomy in their area of expertise and less in other
parts of the task. In the following, we discuss the main findings
from our empirical evaluation, in which we examined effects of
four fixed Al autonomy levels and automatic adaptation between
them in a cooperative shared workspace task.

5.1 Task Performance of Human-AlI Teams in
Shared Workspaces

The evaluation of the task performance in our cooperative shared
workspace setting showed that the agent that could adapt its au-
tonomy in different situations outperformed the agents in the fixed
autonomy levels on average (RQ 1). Even if the differences in the
overall performance score were not significant, there were, e.g.,
clear benefits in the number of accepted deliveries (see Figure 6
(b)). Human behavior clearly changed between different conditions
depending on how much they had to control the agent, or not
(see Figure 7). A high amount of agent autonomy was generally
advantageous in our setting, which aligns well with the work of
McNeese et al. [50, 51] who describe higher autonomy as necessary
for agents to be helpful within HATs during complex tasks. How-
ever, in situations where the agent is uncertain or would interfere
with the human’s plan, our results show that it is better to reduce
autonomy. When the agent made an error in the high autonomy
condition, e.g., provided wrong labels, we see that humans tend to
compensate by adapting their own behavior such that these errors
do not necessarily reflect directly in the overall task performance.

5.2 Human Perception of AI Teammate

Our experiment provides valuable insights on how the human’s per-
ception of their Al teammate and the interaction with it is impacted
by situational autonomy adaptation as opposed to fixed autonomy
levels (RQ 2). While the agent in the high autonomy condition is
rated significantly more autonomous than the agents in all other
conditions (see Figure 6 (d)), the agent with situationally adaptive
autonomy was rated clearly more intelligent compared to all other
agents (see Figure 6 (c)). Hence, when agents appropriately adjust
their autonomy level depending on the situation, and in particular
also decrease it when it is necessary, they were perceived as more
intelligent.
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We asked the participants whether they wished for more or less
initiative of the agent in their respective condition. They overall
wanted fewer changes to the way the agent showed initiative in
the adaptive autonomy condition. In the no and low autonomy
conditions, participants wished for features of the higher autonomy
condition, e.g., that the agent should tend to the doorbell on its own
or proactively provide labels. While the agent in the high autonomy
condition was generally perceived as more helpful and cooperative
than in no or low autonomy, participants reported that its errors,
i.e., offering wrong labels, influenced its perceived helpfulness for
them. For instance, one participant explicitly stated “How helpful
the agent was depended on which label it gave me. Sometimes it
was right, and sometimes it was wrong”. In such instances, the
participants wished for less autonomy of the agent. When partici-
pants described which changes to the agent’s exhibited initiative
they would want, interestingly, in the high and adaptive autonomy
condition, i.e., when the agent already was much more proactive
and autonomous, they tended to wish for even more intelligent
behavior. In particular, participants wanted more anticipation from
the agent and more team planning. Additionally, they wished it
would notice general patterns in their behavior and learn to adapt
accordingly. One participant stated this as: “Ideally, it should have
understood and adapted to my pattern. For example, I always tried
to empty the books first. It could understand that it should directly
sort the books before doing anything else”

Even though participants in the high- and dynamic-autonomy
conditions wanted more “intelligent” behavior, interestingly, they
were not receptive to the agent’s suggestions about changing their
own actions. Many participants remarked that the agent should
refrain from such suggestions with, e.g., one participant comment-
ing: “The questions were mostly appropriate but its request (for me
to change what I'm doing) were inappropriate and going against
my own plans”. Hence, while occasionally these suggestions were
seen as reminders and were appreciated, generally, our participants
would rather like the agent to adjust to their behaviors, or they
felt the agent’s understanding of their behavior would need to be
better. This is illustrated by a quote when the agent asked a human
to answer the doorbell, since the human was closer to the doorbell
than the agent, and the human was irritated by the agent’s request,
stating “I would have accepted the delivery anyway as I was on my
way there to place a folder in the shelf™*.

5.3 Limitations and Future Directions

Participants had to switch between the arrow keys and the mouse
for replying to the agent’s suggestions or to issue commands. This
led to some subjects reporting that they were more hesitant and
less willing to answer the agent’s requests or interact with it.
Furthermore, since the agent’s communication messages were
presented as visual cues on the screen (text and buttons), partici-
pants reported that they sometimes missed these messages because
they were too focused on their own parts of the task. Cognitive
load might have been too high in some of these cases, which is
often found in complex tasks [e.g. 11]. Since employing Al agents
as teammates is probably most useful in cognitively challenging
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scenarios, our proposed task setup offers a good approximation to
further investigate such effects.

This point is also underpinned by our participants wishing for
more active planning of the agent, in particular when they were
busy with another task. For instance, they wanted it to “recognize
their patterns” in order to adjust its behavior accordingly, instead
of interrupting them when they are busy and propose a change of
plans. Moreover, participants wanted the agent to always tend to
the doorbell as they liked when they did not have to think about that
sub-task themselves. To possibly alleviate cognitive strain in such
situations, participants also suggested the agent’s communication to
be implemented in a multimodal fashion, e.g., by the using auditory
signals. Overall, an important aspect for further investigation is
to investigate HAT dynamics in situations with elevated cognitive
strain to explore if humans continually perceive Al cooperation as
valuable when deeply immersed in their tasks.

We observed that participants preferred the higher autonomy
levels, which also had clear effects on the human’s behavior (e.g.,
fewer commands and interactions). However, the overall perfor-
mance did not increase too much compared to lower autonomy
levels. The task was challenging, but seemingly not enough to reveal
big performance effects of Al support because the humans compen-
sated for the agent’s errors and could achieve a high performance
by basically manually controlling the agent.

Furthermore, humans compensated for the agent’s errors, e.g.,
when it handed over a wrong label, by either preparing the cor-
responding document or by throwing away the wrong label and
requesting a new one. These compensations led to small time de-
lays, but did not strongly influence overall task success, as only
sometimes fewer folders could be processed overall. Theoretically,
participants could have made errors themselves as well, such as
throwing away labels that they could have used for their prepared
documents. However, such cases did not occur in our data. Addition-
ally, participants occasionally distributed the sub-tasks somewhat
inefficiently. In such cases, the agent in moderate, high and dy-
namic autonomy conditions suggested a different task distribution.
For example, if a label was already provided by the agent, but the
human partner sorted books instead of completing the document
processing, the agent suggested that the human should rather place
the books on its rack. This way the agent could sort the books
and the human could complete the part of the task that only they
could do. However, we observed that humans often ignored these
suggestions, and felt interrupted by them. There were no major
errors either humans or the agent could commit, except for not
tending to the doorbell, which happened in some cases, as also
illustrated in Figure 6 (b). An interesting line for future work is
therefore to consider other settings, in which more sources of major
and minor errors on both sides are included, especially since with
more points in which failures can occur dynamically adjusting the
agent’s autonomy might be even more beneficial. This way, on the
one hand, the agent could decrease its autonomy when it is likely
to make a mistake and, on the other hand, increase its autonomy
when it prevents (human) errors, possibly leading to overall better
performance outcomes.

In general, our experimental findings provide valuable insights
for human-AlI collaboration in similar cooperative shared work-
spaces, i.e., settings in which humans can not complete all sub-tasks
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by themselves, are willing to give some (autonomous) sub-task con-
trol to Al agents and ToMMs are necessary and beneficial to infer a
partner’s goals and state of knowledge. In particular, when HATs
interact in settings in which they face situations such as the ones
described in our paper, e.g., when higher priority sub-tasks can
arise, humans and agents can make errors, and an agent may make
alternative suggestions about the task distribution, our empirical
insights can be transferable to implement situational autonomy
adaptation for seamless human-Al cooperation. However, the situa-
tion types and autonomy levels that we presented in Table 1 are not
necessarily exhaustive, and additional ones could be explored in the
future. Integrating sophisticated ToMMs in future Al agents could
allow them to better adjust to human behavior and, e.g., include a
certainty estimate instead of fixed rules for autonomy adaptation
[5]. Additionally, in the long run, an agent should be able to learn
from experience and adapt to the preferences of its human team-
mate and discover what autonomy level works best in different
situations.

6 CONCLUSION

In this paper, we propose a cooperative task in a simulated shared
workspace, in which we investigated how different autonomy levels
and their adaptation influence task performance and human percep-
tion of the AT agent. We derived adaptation rules for Al autonomy
in cooperative shared workspace settings from previous work and
from empirical results of a pilot study. In particular, we identify
and propose five criteria for implementing the switch of autonomy
levels. We evaluated the effects of fixed levels of Al autonomy and
situation-dependent autonomy adaptation in a user study. We find
that overall team performance was best in the condition where hu-
mans collaborated with the agent that adjusted its autonomy based
on the situation. Additionally, our results show that not only is the
agent with adaptive autonomy perceived as cooperative and help-
ful, but it was also rated highest in terms of perceived intelligence.
In summary, we show that automatically adapting the Al agent’s
autonomy level depending on the current situation has positive
effects on human-AlI collaboration in shared workspace settings.
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