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Background and Motivation
Although research on collaboration between humans and AI
systems has a long and successful history, recent advances
have produced even greater interest in the potential synergy.
The most common idea is that AI assistants will let peo-
ple be more productive, either by increasing their output or
reducing their effort, but there is also hope that they will
improve the quality of results. However, the field has seen
some cases in which AI technology has led to negative con-
sequences (Swartz, 2003). Clearly, some interaction designs
for human-AI collaboration work better than others.

Naturally, we would like to understand the effectiveness
of given human-AI team designs before we put them in the
field. One response is to develop candidate AI agents and
team designs, then to run experiments with human users that
measure their joint effectiveness. But this process is time
consuming and expensive, making it beyond the reach of
many developers. In this paper, we propose the different ap-
proach of creating abstract models of human-AI team be-
havior and using them to explore and evaluate the space of
alternative interaction designs.

Benefits of Abstract Models
Early research in AI was closely linked to cognitive psy-
chology (Langley, 2012), with some of the first implemented
systems cast by their designers as computational accounts of
human behavior (e.g., Newell et al., 1960). These artifacts
addressed complex tasks like theorem proving and game
playing in much the same way as people but, as the field
advanced, such programs remained difficult and costly to
develop. Ohlsson and Jewett (1995) offered the promising
alternative of creating abstract models of behavior. These
were also stated as running computer programs and incorpo-
rated key ideas from AI, but they did not actually carry out
tasks. For example, Ohlsson and Jewett reported a model of
learning that searched through a problem space but did not
represent the solver’s states and goals.

We can adapt their insight to develop abstract compu-
tational models of human-AI teams. These would include
agents that play the role of humans and AI members, and
they would also reflect an analysis of the steps required for
a complex task. Models would simulate performing these
steps in sequence, including the time taken and the proba-
bility of success, but they would not actually do the steps. In

this way, models would predict the time that teams require to
produce results without needing to implement AI teammates
or run experimental studies with human subjects.

Petri Net Models of Human-AI Teams
We have used an extension of Petri Nets (Peterson, 1977) to
develop such abstract models of human-AI teams, building
on the Machinations framework (Dormans, 2012). Figure 1
depicts graphically a model for the game Dice Adventure
(Harpstead et al., 2023), in which three agents cooperate to
achieve a shared objective. The model represents each agent
as a token that flows through a sequence of tasks that involve
searching for an orb. The sequences join at a coordination
node for arriving at a tower, which all agents must reach
before they can proceed to another level of the game.

The Machinations software not only lets one visualize this
model but also simulate its behavior given different agent pa-
rameters. These can include the rate of each agent’s progress
and the probability it will complete steps. Running the simu-
lation predicts the time it will take the team to achieve goals
and its chance of success, letting us study how character-
istics of agents on the team, whether AI or human, influ-
ence overall team performance. The Petri net’s structure and
agent roles are informed by a cognitive task analysis (Newell
& Simon, 1972), so the framework also lets us evaluate dif-
ferent task decompositions and role assignments.

Of course, this approach is not limited to Dice Adven-
ture. We can apply it to any complex problem that requires
multiple steps and cooperation among agents, whether they
are humans, AI systems, or a mixture. Models can be deter-
ministic or stochastic, with the latter supporting probabilistic
step completion and agent choice among different actions.
The latter will require repeated runs to generate average re-
sults, but the abstract character of models means their simu-
lation should be inexpensive even for ones that involve many
agents. The framework’s flexibility should make it useful
across a wide range of tasks and interaction designs.

Discussion
We should note some related approaches to analyzing and
modeling human performance. For instance, the GOMS
framework (John & Kieras, 1996), which also bases abstract
models on cognitive task analyses, has been widely used



Figure 1: An abstract task model for the cooperative game Dice Adventure.

to predict behavior in human-computer interaction. To our
knowledge, it has not been used to model coordination in
human-AI teams. In contrast, Vignati et al. (2022) have used
joint activity graphs to describe interdependence in multi-
agent teams, but they used it to inform agent behavior rather
than to predict overall team performance. Of course, we have
built directly on Dormans’ (2012) work, but he invented the
Machinations formalism to specify designs for multi-person
games, not to model team effectiveness.

Our research on abstract models of human-AI teams re-
mains in its early stages. In future work, we plan to test the
paradigm on additional collaborative tasks to demonstrate its
generality and to study its ability to handle problems that re-
quire hundreds of teammates. We will also extend the frame-
work to handle settings in which agents must communicate,
with a special case being organizations in which some mem-
bers have authority over others. Finally, we plan to exam-
ine tradeoffs between different performance criteria, such as
time taken to complete tasks and quality of the result.

In summary, abstract computational models of human-AI
collaboration hold considerable promise for predicting team
performance before one makes the effort of constructing AI
agents or running experiments with human subjects. Petri
nets offer a convenient formalism for describing team activ-
ities at an abstract level and Machinations provides a useful
software environment for specifying and simulating them.
Together, they should let researchers explore the space of
interaction designs for human-AI teams and evaluate alter-
natives in a cost-effective manner.
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