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ABSTRACT

Scalability of multi-agent systems is quickly becoming a crucial area of research as
artificial agents become more capable and sophisticated. A key challenge to furthering
research in human-multi-agent teams is having suitable test domains that are simple
enough to allow thorough analysis, yet rich enough to foster appropriate types of
human-agent interaction. In this paper, we present a set of new open-source test
domains based on a popular team game; the escape room. The testbed simulations
are designed and developed to explore the dynamics of human interactions with
multi-agent systems and the factors that enable and inhibit scalability. Our simulation
provides a valuable tool for researchers and practitioners in this evolving field.
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INTRODUCTION

Multi-Robot or more generally Multi-Agent Systems (MAS) have been
studied extensively over the last few decades and promise the potential for
parallel execution of distributed tasks, reducing mission timelines and human
workloads (Wooldridge, 2009). Despite efforts such as the DARPA Offset
program (Arnold et al., 2019), the promised benefits of such systems often
fail to manifest (Johnson and Vera, 2019), and the anticipated scale is rarely
achieved in operational systems, with the state of practice remaining at one
human to one robot or less (Murphy and Burke, 2005). Therefore, we are
interested in how to scale MAS that work closely with humans, in other
words, Human Multi-Agent Teams (HMAT). This area is rapidly becoming
a crucial topic of research as agents become more capable and sophisticated
and is particularly relevant in the context of increasingly ubiquitous artificial
intelligence and automation.

A key challenge to furthering research in HMAT is having suitable test
domains that are simple enough to allow thorough analysis, yet rich enough
to capture the important characteristics that foster appropriate types of
human-agent interaction. We begin by laying out simulation requirements
based on our perspective of essential elements to explore the dynamics
of human interactions with MAS and the factors that enable and inhibit
scalability. We then review related works and discuss how they did and
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did not support our requirements. Then, we introduce our simulation by
describing the Escape Room domain and present a set of new open-source
test domains designed and developed to meet our proposed HMAT testbed
requirements. Finally, we discuss potential modifications for future testbeds
that would further advance the ability to effectively study scalability in
HMAT.

SIMULATION REQUIREMENTS

Our desire to understand and model the factors that influence scalability
and related measures led us to search for a testbed simulation that could
provide specific characteristics in the following areas:

e The Human Role e Interactions
e Complexity e Autonomy
e Scalability e Availability

The Human Role: Today and for the foreseeable future, people remain
the owner of the problems that HMATSs are designed to help solve. As such,
they should remain the primary stakeholder in the mission. Therefore, we
desire a simulation domain in which the human owns the mission goals. The
human should develop, or play a major role in developing, the strategy used
to coordinate the efforts of the team toward the common goal. Interaction
should not simply be handing out work like a task dispenser, nor should it
be simply responding to requests like a help desk when the automation is
stuck. When humans interact with other teammates, including agents, they
bring mission-related information to the interaction that will help to further
the team goals by influencing individual agent decisions and actions to better
fit into the team strategy. People also interact with multiple team members
to gain information from their teammates to establish awareness, help assess
progress, and trigger adaptation as necessary. Interaction is more than task
allocation and the human role is more than a task dispenser. They are the
problem holder.

Complexity: The work domain should contain qualities found in more
complex real-world domains. One such quality is nested hierarchical activity.
Domains that do not require task decomposition into related subtasks are
too simple and miss a key aspect important to HMAT. Another important
quality is interrelatedness. The work of a team has natural interdependencies
(Johnson et al., 2014; Johnson and Vera, 2019; Johnson and Bradshaw, 2021)
and the coordination necessary for effective teamwork is due to managing
these interdependencies (Malone and Crowston, 1994; Johnson et al., 2014).
The simulation domain must capture the interdependent nature of HMAT.
Lastly, to model most real-world team applications, the task should be time
constrained. Time constraints are a typical driver for distributed work and
efficient team decision-making and adaptation. These three qualities are
important influences on team dynamics, whether the team members are
people or agents, and a proper testbed domain needs to support all three.
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Scalability: An obvious need for a simulation that supports studying
scalability is the ability to control and measure scalability. Control is
straightforward, as it is typically easy to change the number of agents in
a simulation. However, measurement is more challenging. The purpose of
scaling is to ultimately improve speed and/or efficiency of goal achievement.
While measuring such performance outcomes is trivial, it is important to be
able to discern if the improvement is due to scalability or other factors, such
as individual performance. Several predictive scalability measures around
the concept of fanout have been proposed (Olsen and Goodrich, 2003;
Crandall and Cummings, 2007; Cummings et al., 2007). Additionally,
there is a need for more directly measured assessments such as number of
active agents and performance plateau (Olsen, Wood and Turner, 2004). A
scalability testbed should be instrumented to collect such measures. Two
key measures in understanding scalability are interaction time and neglect
tolerance, discussed next.

Interactions: Given the importance of interaction time on scalability, it
is essential for the simulation to have the ability to measure and control
the interaction between humans and agents. Additionally, it should be able
to isolate and capture asynchronous interaction effort, such as when the
human is observing an agent but not sending commands or requests. While
improving and optimizing interfaces is important, it can confound scalability
results. To understand scalability, the simulation needs to be able to isolate
and measure when a human is interacting with an agent. This can then be
used to inform interface design.

Autonomy: The other primary measure that influences scalability is neglect
tolerance (Olsen and Goodrich, 2003) which reflects an agent’s ability to
conduct work independently. The simulation needs to be able to control and
measure the time that an agent is self-sufficient in completing its assigned
tasks. This can be achieved in many ways, such as changing the speed that
an agent works, modifying the capabilities or intelligence of the agents, or
adjusting the complexity of the agent’s tasking. These are very different
methods and introduce overlapping research areas, but to study HMAT
and scalability, it is sufficient to understand that the simulation must have
some control over what an agent can do and how long they can work
independently.

Awailability: Finally, the simulation needs to be available for use. If a
simulation is available but does not meet all the needs, it may be possible to
make modifications. However, this would require the simulation to be open
source and include sufficient documentation to make the desired changes.
Even when available and open source, implementation and modification of
the simulation may prove to be too challenging to use. Ideally, multiple
researchers working in similar spaces could reuse the same simulation for
better validation and easier comparison of work. Unfortunately, most HMAT
research uses a unique custom simulation and reuse is rare. Next, we review
several studies using simulations and discuss how well they addressed the
requirements we have laid out.
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RELATED WORK

Table 1 lists related works that studied HMAT using various simulations
and rates suitability in relation to the requirements presented in the previous
section.

Human Role: We categorize the human role as either Stakeholder,
Manager, or Help Desk in Table 1. By Stakeholder we mean the human is
the problem owner and primary stakeholder. They must figure out a strategy
and the plan of action necessary to move toward the goal. By Manager,
we mean the human is not solving the domain problem, but instead the
role is constrained to determining the task allocation necessary to support a
predetermined plan of action. Lastly, by Help Desk we mean that the human
operated as a help desk to assist agents when they got stuck.

Table 1: Selection of research with HMAT simulation environments.

Reference Human Role  Complexity Scalability Interactions Autonomy Available
Adams, Hamell and Stakeholder H,I, TC yes no no no
Walker, 2024

Rebensky et al., 2022 Help Desk I no no no yes
Ruff et al., 2018 Manager H,I, TC no no no no
Mercado et al., 2016 Manager H,I, TC no no no yes
Lewis et al., 2014 Manager H, TC no no no yes
Kidwell et al., 2012 Manager H, [, TC no no no no
Goodrich et al., 2011 Stakeholder  none no no no no
Hardin and Goodrich,  Stakeholder H,I, TC no no yes no
2009

Cummings et al., 2007  Manager H,I, TC yes no yes no
Goodrich et al., 2007 Help Desk none no yes yes no
Goodrich et al., 2007 Stakeholder I no no no no
Goodrich et al., 2007 Help Desk H, I no no no no
Goodrich et al., 2007 Stakeholder H,I, TC no no no no
Crandall and Stakeholder ~ H, I, TC yes no yes no
Cummings, 2007

Lewis, Wang and Scerri, Stakeholder — H, I, TC yes no no no
2006

Olsen, Wood and Manager none yes no yes no
Turner, 2004

Zigoris et al., 2003 Stakeholder  H, I, TC no no no no

(H = hierarchical, I = interdependent, TC = time constraint)

Complexity: The simulations reviewed have either none or some
combination of the qualities listed in the prior section. Table 1 indicates
which quality each of these simulations have. If the task domain includes
hierarchical work, the table contains a ‘H’, if the work was interdependent,
‘T, and if there were time constraints, “TC’.

Scalability: Most of the simulations reviewed do not specifically discuss
if they can control or measure scale. While control may be constrained
by processing speed of the simulator, adding more agents is typically not
the issue. Measuring the number of agents active at a given point in the
simulation or throughout the scenario should be easy to do. However, the
number of agents that are effectively working to complete the task can be
harder to distinguish. Table 1 indicates simulations that specifically discuss
or present a measure of scalability.
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Interaction: Previous studies concentrated on interface design to optimize
the presentation of all applicable information to human users. While this may
be important to maintain operator awareness, it confounds understanding
interaction time by making it impossible to isolate the times the human is
focusing on an individual agent. This is practical in a real-world interface,
but the goal of our testbed was not to optimize for a specific scenario, but to
quantify what enables scalability. Table 1 indicates if the simulation attempts
to isolate both explicit interactions as well as interaction effort.

Autonomy: The autonomy of the agents varied significantly. Some agents
did not operate over time but rather provided decision support to the human.
To measure scalability, the goal was to implement agents that work over a
period of time, and for the simulation to provide the ability to exert influence
and measure their effective time. Similar to scalability, this time measure
of autonomy is not discussed in many papers. In fairness, some HMAT
work was not focused on scalability, but adjustable autonomy or other
related concepts. However, recording when agents are actively operating in
an environment should be feasible. Table 1 indicates if the study specifically
tried to control and measure the time an agent acted independently.

Awailability: Finally, many simulations are described in the literature but
are difficult to find and may not be available or open source. Table 1 indicates
which simulations appear to be available and open source.

After researching available testbeds, we did not find many simulations that
met the desired criteria, were readily available, open source, easy to use, and
most importantly, provided the desired human interaction dynamics. As such,
we developed a suitable simulation testbed to explore measures of scalability
and how both the characteristics of the technology and the human users affect
the scalability of HMAT.

HUMAN MULTI-AGENT TEAMING TESTBED DESCRIPTION

Escape Room Domain

We desired a test domain that had complexity characteristics described above
yet was natural and easy for untrained people to learn quickly. Escape rooms
are immersive team games that have become popular in the last few decades.
The typical escape room consists of a small team of two to ten players in a
themed facility with a few rooms. To win the game, the players need to work
together looking for a series of clues that will reveal keys to open locks and
doors to escape the room within a given time limit. This time limit drives the
team needs to spread out and explore the room searching for information.
This natural distributed work drives a need to share information discovered.
When clues are found, players communicate crucial pieces of information to
teammates. The escape room models a complex domain and the aspects of
teamwork we were looking for: exploration, partial knowledge, distributed
execution, interdependent decision making, and layered hierarchical puzzle
solving in time-critical scenarios. We developed two versions of the escape
room discussed next.
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Escape Room Simulation, Version 1

Human Role: In our initial escape room simulation, the team consists of a
human player and a set of simulated homogeneous robots. The human directs
the robots individually and collects information to solve the puzzle. To escape
the room, the human participants must guide a team of robots to find, pick
up, and deliver keys to open a series of locks on a two-dimensional map (see
Figure 1). To add motivation, scores are calculated and displayed for picking
up keys and unlocking locks. In this simulation, the human is the stakeholder
responsible for devising a strategy and action plan to achieve the goal.

Complexity: The simulation contains the layered tasks of collecting
distributed keys to open locks that reveal more keys for more locks. Although
a player can simply interact with just one robot the whole time, they will not
be able to complete the puzzle in the allotted time. To escape the room, the
player will have to leave the robot and allow it to operate independently
while interacting with other robots. Keys take the form of colored letters.
The simulation retains the desired complexity modelled in the escape room
scenario.

Round: 3 Score: 250 out of 540 select robot 10 Interact Time Remaining: 165 seconds

Robots
l Robot motion

projection

Q
Keys Needed j-—Lock

Opened Lock:tJ

Figure 1: Human multi robot teaming escape room simulation: robots are circles
identified by their colors. The main lock to escape is in the middle, with additional
locks concealing information. Locks need a specific set of keys. Keys are differentiated
by both color and letter.

Scalability: The number of active robots per second is recorded. Any robot
activity was determined to be above the performance threshold. The number
of active robots serves as the measure of scalability. This measure allows for
comparisons against different models of fan-out which in turn, inform what
factors play a critical role in modelling and increasing HMAT scalability.

Interaction: Interactions are constrained to measure time the player spends
with each robot. During these interactions, players estimate how long
each robot will work independently. Continuous tracking of all robots
is unavailable; instead, while in a global view, participants see projected
paths of robot movements based on their estimates. This prevents direct
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observation and helps isolate the interaction. To maintain awareness,
information about keys and locks remains visible, and countdown timers
based on player estimates help track time and reduce memory burden.

Autonomy: To control the time a robot acts independently, the speed of the
robot’s movement and key handling is predetermined based on the directed
task. For motion, this is a function of the distance divided by the robot’s
speed and is easily adjustable in the simulation. The automation in this
simulation is elementary. The robots can travel to the specified location and,
once there, can be instructed to load or unload a key. This very simple form
of automation allowed us to easily calculate how long the robot would act
autonomously but required greatly simplifying typical real-world challenges.

Awailability: The simulation was developed using the p5 JavaScript library,
and source code are publicly available at https://git.ihmc.us/dperkins/human
-multirobot-teaming.

Escape Room Simulation, Version 2

Human Role: In our second escape room simulation, we aimed to increase
the capabilities (autonomy) of the agents, as well as allow the human more
capability and flexibility in the level of tasking (interaction). The team
structure and goals did not change, and the human remains the stakeholder.
However, now a player can give the agents multiple tasks and the tasks are
more sophisticated (e.g. go to a room, search for a certain color key, pick up a
key, take it to a door, put down a key, and move inside the room). The player
has two views; global view and interaction view. In both views, players can
observe the timer, score, agent icons, and map as in Figure 2. In the global
view, players can also see the queues of all agents on the map. In agent view,
the player has agent specific detailed information; location, any other agents,
traffic, or keys in the field of view, the dynamic path plan, and a status bar
when loading/unloading a key.

R )
Rerouting ~ Path Emor Key Error

Figure 2: HMAT escape room simulation: agents are circles identified by their colors.
The doors that spell ‘/ESCAPE’ at bottom center need to be opened to escape the round.
The rooms in the center of the map have the keys needed but are locked behind other
doors. Keys are differentiated by both color and letter.
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Complexity: In this version, more realistic challenges are introduced. The
map, now a graph with open and closed (walls) spaces, required agents
to navigate around walls and other agents in the open unoccupied spaces.
Traffic agents were also added to increase task complexity. The locks from
the original simulation were replaced with doors (framed in white). To escape
the round, the doors at the bottom of the map that spell out ESCAPE need
to be opened. The four yellow keys E, S, P, and E are located inside the rooms
in the middle of the map and blocked by closed doors. The outer rooms are
open to explore and contain all the A, B, C, X, Y, or Z keys needed to open
the other doors. Labels identify what letter to expect inside, but the colors
are hidden. Hence, multiple agents need to search different rooms to find the
keys needed to open the doors. The complexity of the task domain retains
the qualities of the first simulation but adds more hierarchical depth to the
work and more uncertainty.

Scalability: Again, the number of active agents is recorded. Any agent
activity is deemed to be above the performance threshold. The number of
active agents serves as the measure of scalability. This measure allows for
comparisons against different models of fan-out which in turn, inform what
factors play a critical role in modelling and increasing HMAT scalability.

Interaction: Version 2 allowed the human to queue commands, building
up a more complex sequence of activity. The simulation was still designed
to isolate and measure the interactions between humans and agents.
Additionally, we wanted to explore the effects of communication on teaming.
Therefore, the simulation has trials with visual and audible messages from the
agents to the human. The agents communicate four different messages; no
task, rerouting, path error, and key error. The messages appear as symbols
over the agent’s icons located above the map, with a key to the messages
displayed on the left. Flags also appear below the icon to increase the
salience of the messages. While the four described messages are reactive,
another visual message, the agent’s projected path is a proactive form of
communication.

Autonomy: To handle the extra environment difficulties, agents were given
new capabilities: path planning, task queuing, search functions, and optional
communications. Like version 1, the neglect time was controllable through
speed, but version 2 added more capabilities and task queuing that also
impact neglect time. When agents plan a path, they use local information
from their field of view (2 squares in each direction) and the global map
of open and closed spaces. If an agent’s path is blocked, the agents will
replan if possible and continue to the destination. Occasionally, the agents
or traffic will block the only path available, in which case the human player
will have to clear the task queue and deconflict the agents. Traffic agents
are not controlled by the players, and if blocked just stop and wait until
their path clears before resuming. Like the first version, the time an agent
acts independently is measured and recorded. Furthermore, the goal was to
project how long they could have acted independently if the human had
not interacted. In the first simulation, the agents travelled in a straight
line and did not have to avoid obstacles, which simplified this calculation.
For the second simulation, this was not possible due to traffic uncertainty
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causing path rerouting. Therefore, the agent’s self-sufficient time is measured
and calculated as the time the agent acted independently before the human
interaction plus the time it would have taken to complete the projected path,
assuming no replanning. The last half of this calculation is an estimate,
therefore could require calibration if heavy traffic causes frequent rerouting.

Awailability: The simulation was developed using the p5 JavaScript library,
and source code are publicly available at https://git.ihmc.us/dperkins/human
-multi-agent-teaming.

Future Simulations

These two versions of the Escape Room simulation have proven to be useful
in establishing factors that drive scaling limitations in Human Multi-Agent
Teams. However, this is only the foundation; the objective is to research the
factors that enable and inhibit effective scaling of HMAT. The results should
inform design practices that enable more effective and scalable HMAT. To
advance these tools to support HMAT research, we envision several areas to
extend the simulations:

Increase the abilities of the agents

Increase agent to agent teaming

Implement hierarchical sub teams (e.g., swarms)

Implement the escape room in a 3-dimensional virtual simulation.

il

Each addition introduces real-world complexities that advance the
understanding of critical elements of teaming. They also present experimental
challenges (e.g., isolating and controlling variables). Implementing all four
simultaneously may be difficult; however, adding each one thoughtfully and
incrementally can lead to a suite of simulations that enhance HMAT research.

CONCLUSION

With the increase of artificial intelligence and agent capabilities and the desire
to employ ever larger multi-agent teams, it is important to have a simulation
to test out theories to better understand what influences, constrains, and
enables effective HMATs. The Escape Room simulation provides a suitably
complex domain where humans are stakeholders in mission goals, the
interaction and observability of the agents are controllable elements, and the
autonomy of the agents is easily adjustable. Our simulation is open source,
easy to use, and provides the desired human interaction dynamics, making
it a valuable tool for researchers in this evolving field. We encourage others
to explore their questions on human multi-agent teaming using this scenario
and the provided testbeds.
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