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Abstract

Animal-Human-Machine (AHM) teams are a type of hy-
brid intelligence system wherein interactions between a hu-
man, Al-enabled machine, and animal members can result in
unique capabilities greater than the sum of their parts. This
paper calls for a systematic approach to studying the design
of AHM team structures to optimize performance and over-
come limitations in various applied settings. We consider the
challenges and opportunities in investigating the synergistic
potential of AHM team members by introducing a set of di-
mensions of AHM team functioning to effectively utilize each
member’s strengths while compensating for individual weak-
nesses. Using three representative examples of such teams—
security screening, search-and-rescue, and guide dogs—the
paper illustrates how AHM teams can tackle complex tasks.
We conclude with open research directions that this multidi-
mensional approach presents for studying hybrid human-Al
systems beyond AHM teams.

Introduction

Animals, machines, and humans each possess unique ca-
pabilities that, when combined meaningfully, can result in
systems that enable new feats. For example, technology
augmentations are already prevalent in human-animal sys-
tems: automated feeders, tracking devices, and monitor-
ing systems (Staszesky, Craig, and Befus 2005; Sparrow
and Howard 2021). Machine potentials have also been aug-
mented by animals, such as in the detection of underwater
mines using dolphins (Moore 1997).

Consider a Blind or Visually Impaired (BVI) person train-
ing to be assisted by a guide dog. When the pair reaches an
obstacle along their path, they can aim to employ a learned
protocol: the dog stops, then the BVI person investigates
the cause for the stop, be it a wall, a stair, etc. With mod-
ern vision technologies, the pair could be equipped with a
designated camera and a vision algorithm that automatically
identifies the reason for the dog’s stop (Ichikawa, Zhang,
and Lim 2022), reducing the need for the BVI person to
investigate manually. Given modern smartphone technolo-
gies, such a system might even be augmented in the person’s
phone (Taylor et al. 2012). These systems can be considered
as an animal-human-machine (AHM) team that functions as
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Figure 1: The properties of Animal-Human-Machine team.

a synergistic unit tackling complex tasks. Conversely, the
absence of any of the members makes AHM teams less
capable: without a vision system, a BVI person must ex-
ert inefficient and potentially risky efforts to interpret why
their guide dog pair made a stop; even the most cutting-edge
robots cannot fully replace a guide dog (Morris et al. 2003;
Sakhardande, Pattanayak, and Bhowmick 2012; Mirsky and
Stone 2021; Hwang et al. 2024); and obviously, the team’s
goal ceases to exist without the BVI person.

In the ideal scenario, each member of an AHM team
is given a role that maximizes their respective strengths
and compensates for individual weaknesses to optimize
the team’s functionality. However, in high-stakes, rapidly
changing scenarios, individual workloads are often ex-
ceeded, whether through anticipated or unanticipated cir-
cumstances. In those situations, flexible reallocation is
needed to redistribute responsibilities across other team
members (Bye, Hollnagel, and Brendeford 1999). This pa-
per investigates AHM teams as a type of a multiagent system
(MAS) and discusses the unique research challenges and op-
portunities in this setup. We define an AHM team as follows:

Definition 1 An Animal-Human-Machine team is a multia-
gent system with three or more members: at least one is an
animal, one is a human, and one is a machine. Each member



has agency grounded in unique sensing, decision-making,
and acting capabilities.

Previous work has also highlighted some conceptual sim-
ilarities between domestic animals and machines (Darling
2021). When robots are made of organic matter (Blackiston
et al. 2023) and animals are incorporated into machines
(Sanchez et al. 2015), we might reach a point where the
distinction between the different agents is blurred (Mazis
2008). At this time, however, we assume that the boundaries
between them are clear. We note that this paper focuses on
the technological aspects of AHM rather than its legal or
ethical implications, which are not negligible. Interested re-
searchers can refer to (Mazis 2008; Schaerer, Kelley, and
Nicolescu 2009; Hou, Cheon, and Jung 2024).

We move on to discuss AHM from the lens of related
work, including team functional allocation from industri-
al/organizational psychology and computational work link-
ing human-animal and human-agent interaction paradigms.
We conclude with three use cases that highlight the utility
of this framework for advancing the conversation on AHM
team design considerations.

Related Works

In organizational psychology, teams are often defined as
groups of people with a shared sense of identity who col-
laborate with distinct roles for a limited time to achieve a
common goal (Salas et al. 1992). By this definition, AHM
teams seem paradoxical due to having non-human members.
But treating components like sense of identity or role dis-
tinction as variable elements of teaming (i.e., “teamness”;
(Cooke et al. 2024)) can aid in understanding a broad range
of collaborations. Consider ad-hoc teamwork, where amor-
phous team compositions may result in a lack of clear shared
identities among collaborators (Stone et al. 2010). Treat-
ing shared identity as a variable has borne algorithmic so-
lutions that aid teammates in establishing common ground,
inferring each other’s capabilities, and interpreting other
agents’ underlying cooperative intents (Grosz and Kraus
1999; Mirsky et al. 2022). Similarly, considering “human-
ness” as a spectrum rather than a requirement of teaming
has benefited the recent surge in research and development
of human-machine systems wherein people and machines
collectively achieve feats they could not apart (O’Neill et al.
2022; Cooke et al. 2024). The same logic has long been used
to describe human-animal systems (Haraway 2003).
Human-animal teams are increasingly used as a metaphor
for human-machine teams. Both are interactive systems
that achieve joint outcomes despite having different cogni-
tive processes between animal, human, and machine mem-
bers (Lum and Phillips 2023; Coeckelbergh 2011; Krueger
et al. 2021; Billings et al. 2012). Human-animal teams and
human-machine teams also share intractable physical and
cognitive asymmetries between each member type, limit-
ing the tasks they can perform and their understanding of
the team’s overarching goals (Phillips et al. 2016). These
asymmetries are amplified in AHM teams due to the con-
current presence of at least two types of non-human team-
mates (Gerencsér 2016), defining a complex range of re-
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search paradigms and application domains. For example,
how to support the development of shared mental models
between human and machine teammates (Baker, Saxe, and
Tenenbaum 2011; Fiore et al. 2023; Schelble et al. 2022; An-
drews et al. 2023; Narayanan and Feigh 2024); however, the
impacts of these efforts will likely be limited in full AHMs
due to animal cognitive limitations. Conversely, the evolu-
tionary origin of human-animal relationships results in in-
teraction dynamics that are more social and emotional than
human-robot ones (Coeckelbergh 2011).

Another related research area that has been investigating
collaboration between agents with varying capabilities and
objectives is Ad-Hoc Teamwork (AHT): the task of col-
laborating with previously unmet agents (Stone et al. 2010;
Mirsky et al. 2022). In AHT, one agent needs to learn how to
collaborate with other agents on-the-fly, without the ability
to directly control them, in a collaborative setup. One such
example task is a drop-in soccer game where other players
on the team might be attack- or defense-oriented, but this
preference will only be revealed through playing together
(Barrett and Stone 2015). One notable example of AHT in-
spired by machines and animal teaming investigated how to
influence a flock of European starlings (Genter 2017).

One quality that AHM teams ostensibly share is role het-
erogeneity, i.e., each member is assigned a unique set of
tasks to fulfill a role within a team (Belbin 1993). Role het-
erogeneity often results from delegating tasks to individu-
als based on their abilities. In all-human teams like surgical
teams, task assignment decisions are based on limited pools
of team members who can fulfill roles like surgeon, anes-
thesiologist, or nurse at a given time (Carayon et al. 2006;
Gorman et al. 2020). However, further training can enable
today’s nurse to be assigned the role of surgeon in the fu-
ture. In contrast, such decisions in AHM teams are limited
by ethical, legal, and technological concerns that come with
assigning non-human members to potentially consequential
tasks (Bonfanti 2014; Coman and Aha 2018; Parasuraman
and Wickens 2008).

In human-machine systems, Fitts’ list (Fitts 1951;
De Winter and Dodou 2014) is an influential framework
that operates on the principle of non-overlapping task allo-
cations based on the relative strengths and weaknesses of
people and machines (often called “HABA-MABA”, short
for “humans-are-better-at/machines-are-better-at”). Current
functional allocation paradigms in human teams and human-
machine teams are still predominantly based on individual
members’ capabilities (Howard et al. 2023; Caldwell, Nyre-
Yu, and Hill 2019; Lai et al. 2021; Crawford and LePine
2013). This premise remains true amid calls for more nu-
anced consideration of interactions between complex hu-
man and machine teammates rather than individual capabil-
ities alone (Caldwell, Nyre-Yu, and Hill 2019; Johnson et al.
2011; Feigh and Pritchett 2014; Metcalfe et al. 2021).

To illustrate, in an AHM security screening setting,
trained sniffing dogs are fairly reliable in detecting scent
markers of various illicit items (Jezierski et al. 2014; My-
ers 1992); “sniffing” capabilities for machines have been
developed and deployed as machine teammates or alterna-
tives to dogs, and can be more or less effective depending



on the target items (Furton and Winialski 2022); last, and
the least useful candidate for the scent detection task, is the
human. However, for other tasks like physical inspection of
suspicious items, people may be better than machines, who
in turn are likely better than dogs. The original Fitts’ list
does not account for the strengths and weaknesses of ani-
mals; nonetheless, its strengths-and-weaknesses framework
correctly predicts current AHM security screening configu-
rations (Furton and Winialski 2022). Other AHM teaming
contexts, like field search-and-rescue, have less structured
team goals and tasks. Thus, additional factors are needed to
inform functional allocation decisions.

Functional Allocation Dimensions

We propose a set of functional allocation considerations for
Animal-Human-Machine (AHM) teams, divided into three
categories: (1) the Individual roles and functions each agent
must fulfill to meet shared goals; (2) the Interaction capa-
bilities required for effective team operation; and (3) the Re-
source constraints or costs associated with deploying AHM
teams versus traditional ones.

Individual Dimensions

Physical Requirements. Many functional allocation deci-
sions in AHM teams stem from physical capability tradeoffs.
Tasks requiring high exertion but low precision, like plow-
ing, can be assigned to animals or simple machines. Con-
versely, tasks requiring fine motor skills or delicate handling
may be better suited to humans or machines designed for
precision. The nature of the task and the endurance, control,
or dexterity required will guide allocation.

Information Processing Requirements. Differences in
sensory and cognitive capabilities shape which agents are
best suited for processing specific types of information. An-
imals can often be trained to detect evolutionary-relevant
cues, such as scents or sounds. Machines can handle data
streams and processing loads beyond human or animal capa-
bilities, while humans remain key for interpreting complex,
ambiguous, or sociocultural information.

Level of Autonomy. The extent to which agents can act
independently influences how functions are distributed. Al
agents, for example, may enhance team performance if given
enough agency to initiate or interrupt actions, especially
in dynamic settings. However, the team must balance au-
tonomy with predictability and oversight, especially where
high-stakes tasks are involved.

Planning Capabilities. Each agent must have sufficient un-
derstanding of tasks and procedures to contribute meaning-
fully. While humans typically manage overall planning, non-
human agents must comprehend and follow task sequences.
Mutual understanding of one’s own tasks and teammates’ in-
tentions supports shared planning and effective delegation.
Emerging research in Al and animal cognition highlights
promising pathways for extending such capabilities beyond
humans.

Adaptability. In unpredictable, high-risk domains the abil-
ity of agents to adjust in real time is vital. Adaptability refers
not to the external cost of preparing agents, but to their inter-
nal capacity for re-planning and behavioral flexibility. This
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includes learning from new situations and modifying actions
based on changing goals or environments.

Interaction Dimensions

Ability to Interact. Effective AHM teaming requires agents
to both communicate and coordinate. Communication may
be asymmetric and constrained, for example, when humans
issue commands to animals or operate drones, but can also
involve bidirectional signaling. Coordination hinges on tim-
ing, information flow, and shared goals, made more complex
by differing communication channels. Skills like social in-
telligence (understanding others’ states and intentions), co-
learning (adapting together), and trust (expecting coopera-
tion under uncertainty) are central to robust interaction.
Ability to Be Interacted With. Beyond initiating inter-
actions, agents must also support being coordinated with.
Traits such as trustworthiness and reliability help teammates
anticipate behavior. These may manifest differently—for ex-
ample, machine reliability involves system stability, while
animal reliability depends on behavioral consistency and
training. Transparency and scrutability further enhance in-
teraction by making agents’ intentions and limitations eas-
ier to understand. Predictability, knowing how a teammate
will respond in context, is essential to synchronizing actions
across the team.

Resource Dimensions

Interchangeability. Swapping team members without loss
of functionality is more complex in AHM teams due to vari-
ability in physical capabilities, task-specific training, and op-
erational constraints. While interchangeability is common in
traditional teams, it requires more planning in heterogeneous
systems where roles are tightly coupled to agent abilities.
Expendability. In high-risk scenarios, such as military or
disaster relief operations, teams must consider what is at
stake when agents are lost. The distinct cognitive, emotional,
and physical profiles of humans, animals, and machines af-
fect how expendability is assessed. Cost-benefit analyses
become essential to determine the acceptability of loss for
different agent types.

Vulnerability. Vulnerability refers to how easily each team
member can be harmed or disabled. Each agent’s suscepti-
bility must be accounted for when assigning tasks, especially
those involving physical risk or harsh conditions. Protecting
more vulnerable agents or choosing more resilient ones can
significantly affect team performance and sustainability.
Training & Maintenance. Training and maintaining team
members requires significant investment. Humans and an-
imals may take months or years to prepare, with ongoing
costs in education, care, or compensation. Machines often
demand expensive sensors, specialized hardware, or large
training datasets. Even when tasks are technically learnable
by Al, data and computation costs may render them imprac-
tical in the short term.

Use-Cases

We consider some real-life examples of AHM teaming in
light of the dimensions of our proposed functional allocation



framework, namely security screening, search and rescue,
and machine-enhanced guide dog setups.

Security Screening

In security screening systems, the goal is to detect and ad-
dress the presence of potentially dangerous items. These of-
ten involve two screening steps, i.e., preliminary screenings
and manual inspections. Information processing capabilities
plays a crucial role: Sniffing dogs can only serve as prelim-
inary screening agents for detecting suspicious odors. Ma-
chines also perform only preliminary screening tasks with
specialized sensors like metal detectors and X-ray scanners.
Interaction considerations help explain the presence of sev-
eral human roles in AHM security screening teams, which
can be differentiated depending on which non-human agents
they interact with: (1) dog handlers, who respond to sniff-
ing dog reactions to screened items and manage sniffing
dogs (Myers 1992); (2) x-ray operators, who interact with
x-ray screening machines, manipulating and interpreting im-
ages to flag suspicious items or persons for further inspec-
tion (Héttenschwiler, Mendes, and Schwaninger 2019); and
(3) manual inspectors, who manually inspect flagged items.
Training and maintenance costs are intertwined with lim-
ited role interchangeabilities. For example, dog handlers of-
ten only handle specific sniffing dogs to accommodate reli-
ability and trust considerations. In contrast, x-ray operators
typically rotate between machines they are trained to oper-
ate, having general performance expectations from the tech-
nology in general. Sniffing dogs themselves must be exten-
sively trained, with a cost compounded by the need to train
them with dog handlers as a human-animal dyad. Because
security screening tasks normally occur in places like air-
ports where there is a high volume of screening tasks in a
fast-paced environment, managing dog exhaustion is also a
concern. However, although “sniffing machines” may be an
alternative, the deployment and maintenance costs of these
nascent technologies remain an obstacle today.

Search and Rescue

In search and rescue missions, the synergy between ani-
mals and humans is crucial for maximizing success in life-
threatening situations. The attributes that define this rela-
tionship, such as adaptability, communication, and plan-
ning, play a vital role in team performance. For instance,
the ability of both animals and humans to quickly process
and adapt to changing environments is essential when navi-
gating hazardous disaster areas, as previously seen in the af-
termath of Hurricane Katrina. Effective communication and
mutual trust between animal and human team members form
the backbone of successful operations. Clear, consistent sig-
nals and commands enable seamless coordination, while
trust allows team members to rely on each other’s unique
capabilities. This is particularly important when leveraging
complementary skills, such as a rescue dog’s superior sense
of smell combined with a human handler’s problem-solving
abilities, to locate victims in complex rubble structures.
The shared capacity for information processing among
animals and humans is a critical factor in search and res-
cue effectiveness. Both must process the environment and

647

develop accurate spatial representations to navigate treach-
erous areas efficiently. This cognitive skill, coupled with
stress resilience and interspecies empathy, allows teams to
maintain high performance under extreme pressure. By fo-
cusing on these attributes in training and team composition,
search and rescue organizations can significantly enhance
their ability to locate and save victims in disaster scenar-
ios, addressing the fundamental question of how individual
spatial cognition contributes to overall team performance in
applied settings.

Guide Dogs

Consider the use-case presented at the beginning of the pa-
per of a guide dog setup extended with Al capabilities:
Modern vision systems can identify these different scenar-
ios and alert the person regarding the reason for stopping us-
ing voice. This example highlights each individual’s unique
contribution to this team: the person provides high cogni-
tive ability and decision-making; the dog provides sensing
and physical responsiveness; the vision systems provide en-
hanced sensing and inference capabilities. Interchangeabil-
ity in this scenario is uniquely low, as the person cannot re-
place the role of the dog, the dog cannot speak in detail about
why it stopped, and the vision system cannot physically lead
a person. Expendability is high because dog training is ex-
pensive and cannot be easily replaced. The ability to com-
municate and be communicated with are also especially im-
portant in this context, as each member’s actions are highly
coupled with the other teammates’ actions.

Conclusion

This paper outlines the dimensions of Animal-Human-
Machine (AHM) teaming, planning, and execution in re-
lation to current HRI research. It also presents three com-
pelling use cases that underscore the distinct advantages of
AHM teams.

As with any complex system, it is important to assess
when such intricacy is truly necessary. AHM teaming is
needed when the complexity, risk, or multidimensional na-
ture of a task surpasses the capabilities of any two-agent
combination. In search-and-rescue missions, for instance,
the sensory acuity of animals, the cognitive oversight of hu-
mans, and the data-processing and mapping abilities of ma-
chines form a triad that outperforms any duo. These teams
excel in tasks requiring real-time, cross-modal coordination
that no pair can fully achieve.

Our goal is to empirically examine the functional roles
of each agent across diverse operational contexts to inform
reliable simulations for future function allocation. This re-
quires controlled studies that measure interactions under
constraints like time pressure, environmental hazards, and
communication limits. Such investigations will help clarify
when adding a third agent is redundant or promotes synergy.

We invite researchers to consider how their work might
contribute to AHM teams—enhancing team performance
while generating novel insights. For example, a machine’s
alarm may alert a human but disturb an animal; studying
such trade-offs can refine communication strategies and re-
veal new dynamics in real-world settings.
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