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Abstract

Machine learning (ML) and human-
centered AI (HCAI) researchers have consid-
ered numerous methods to evaluate Theory
of Mind (ToM)-like capabilities in artiĄcial
intelligence (AI). These methods have inde-
pendently captured multiple aspects of ToM
capabilities (i.e., beliefs, knowledge). Re-
cent research has proposed exploring Mu-
tual Theory of Mind (MToM) as a way to un-
derstand how a humanŠs mental model and
an AIŠs user model can be mutually shaped
to beneĄt future interactions. However,
there is a lack of methods for understand-
ing the development and impact of MToM-
like capabilities in human-AI teams. We
propose using a collaborative party game
called Wavelength as a testbed to explore
the complexities of MToM-like capabilities
in human-AI teams. We compare Wave-
length to other methods (i.e., Overcooked,
Hanabi) and discuss how game mechanics
help players mutually construct, recognize,
and revise their models of their teammates.
Lastly, we brieĆy suggest how future work
can explore MToM with Wavelength.

1 Introduction

Tasks and communications among humans
have been effective due to humansŠ Theory of

Mind (ToM) capabilities: the ability to make con-
jectures about the thoughts, feelings, and in-
tentions of others [20, 1]. Recently, this con-
cept has been applied to AI systems, such as
large language models, to evaluate their abil-
ity to solve problems that require the types of
perspective-taking provided by having a ToM-
like capability [12, 21]. With the increasing use
of artiĄcial intelligence (AI) in countless user-
facing applications, it is essential to understand
if AI has ToM-like capabilities [26]. Similarly, re-
search has captured the importance of humans
accurately developing a mental model of the AI
system to improve their collaboration [1, 13].

While ToM is unidirectional [25], recent re-
search has proposed exploring bidirectional dy-
namics in human-AI teams to understand how
a humanŠs mental model and AIŠs user model
may be mutually shaped through interactions
with each other [25]. This process, also known
as Mutual Theory of Mind [25], is particularly
important during cooperative tasks where con-
tinuous behavior adaption and recursive men-
talizing are necessary [25]. ML and HCAI re-
searchers have leveraged various methods to
assess the Theory of Mind and Mutual The-
ory of Mind capabilities in human-human and
human-AI collaborations [16]. Despite these
approaches, enabling MToM can lead to insights
on how to enhance collaborations and design
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interactions with collaborative AI systems [26].
We present a case for the cooperative party

game Wavelength [6] as a unique space to study
MToM-like capabilities in human-AI teams due
to its mechanics requiring the team members
to (1) Ąnd common ground [9], (2) coordinate
perspectives [26], and (3) adapt behaviors [27].
Finding common ground is an important as-
pect of human-AI symbiosis [8] that many co-
operative games do not require and thus cannot
observe. While Wavelength does not cover all
contexts where MToM-like capabilities can ex-
ist and Ćourish, it provides an interesting space
for cooperative teaming contexts where adapt-
ing behaviors are necessary.

2 Related Work

Cooperative games have long served as a critical
testbed for understanding how humans collab-
orate with AI, offering structured environments
where shared goals between humans and AI can
be examined. Research in this area has high-
lighted the ability of cooperative games to ex-
plore user perceptions of teammates [3, 2] and
decision-making strategies [18] within human-
AI teams. Additionally, numerous recent works
in the human-computer interaction community
have investigated mental models and Theory of
Mind with cooperative games, such as Han-
abi [15, 22, 11, 5, 14, 4, 17], Taboo [19, 28],
CodeNames [23, 24], and purpose-built games
[13, 3, 2, 29, 7]. Despite research being increas-
ingly conducted in this area, previous works
have not considered nor analyzed game me-
chanics from an MToM perspective.

Hanabi. Hanabi has been increasingly popu-
lar in the space of mental/user modeling. In
Hanabi, players need to interpret their team-
matesŠ clues and predict how their teammates
will act based on what they tell them, rely-
ing strongly on their beliefs to align with their
teammateŠs beliefs. The strict communica-
tion (interpreting other playersŠ intentions) mir-
rors human intentionality strategies, and sub-

tle signaling [10]. These elementsŮcooperative
play, information asymmetry, and limited struc-
tured communicationŮmake Hanabi a com-
pelling test case for AI research, as it presents
unique challenges in modeling teamwork and
intention inference [5].

Despite the growing interest in Hanabi, recent
work has pointed out the difficulties of study-
ing Theory of Mind-like capabilities in Hanabi
with human-AI teams due to AIŠs current limi-
tations and difficulties in getting AI to play com-
petently [22]. [22] found that human superi-
ority in Hanabi stems from the manipulation
of physical game pieces, rule negotiation, and
social coordination, where AI agents still fall
short. With information asymmetry being core
to Hanabi, this presents a challenging environ-
ment to investigate human-AI teamsŠ ability to
Ąnd common ground and coordinate their be-
haviors based on ongoing gameplay.

Other Approaches. Numerous other ap-
proaches have been used to understand, sim-
ulate, and capture the Theory of Mind-like ca-
pabilities in AI [16]. For example, one coopera-
tive game, Taboo, has been considered in a ToM-
based experiment [28]. However, research has
found that people without shared knowledge
could still perform well when playing Taboo as
players do not need to rely on hidden informa-
tion or be able to predict their teammateŠs next
move[19]. Therefore, constructing a model of
your teammate may not be necessary for game
success, and the process of MToM may never be
observed. The potential to play the game with-
out both teammates needing to construct mod-
els of each other raises concerns about the suit-
ability of the game as a testbed to study MToM.

Aside from Taboo, other work explores ToM-
like capabilities in human-AI teams with an
environment derived from the game Over-
cooked [29, 7]. ANother thread of work explore
AIŠs ToM-like capabilities with the cooperative
game CodeNames [23]. CodeNames presents
similar game mechanics to Taboo and requires
more agents/humans to play, making exploring
these capabilities in dyads difficult. And, while
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Overcooked may be ideal for exploring MToM
processes in human-AI teams, the task environ-
ment can get overly complex, making it difficult
to test different interventions that help human-
AI teams leverage MToM. Additionally, it is more
difficult to capture if and how team members
Ąnd common ground due to Overcooked being
task-based instead of reliant on knowledge.

3 MToM with Wavelength

Wavelength is a cooperative subjective rating
game released in 2019 by CMYK Games [6].
Wavelength is designed to assess how well play-
ers can read each otherŠs thoughts. Players
work together to score points by predicting the
location of a hidden target on a spectrum based
on a clue. The game consists of two rounds: the
clue-giving round and the clue-guessing round.

During the clue-giving round, one player aims
to provide a clue that conceptually maps to
Şwhere the provided target range is located on
the given spectrumŤ [6]. For example, if the
clue-giver was given the spectrum of simple vs.

difficult and a target region closer to the diffi-

cult side, a good clue for their teammate might
be space travel.

During the clue-guessing round, the chal-
lenge is not only in selecting the position of
the target but also in understanding Şthe psy-
chicŠsŤ thought process, which requires consid-
ering how the psychic views the spectrum in re-
lation to their teammate, the clue they provided,
and where the target falls on the spectrum. The
gameŠs outcome is successful when the playersŠ
perceptions align, making it an attractive tool to
assess Mutual Theory of Mind.

Imagine the following gameplay example with
an AI teammate: in the Ąrst round, the AI
has the spectrum underrated skill vs. over-

rated skill and gives the human the clue prompt

engineering as an overrated skill based on its
assumption that the human does not know
about the struggles and difficulties associated
with prompt engineering. However, the human

guesses the target region is closer to underrated

skill as they have themselves struggled with
prompt engineering, and they imagine that the
AI would level with them on such a skill being
difficult.

Informed by our own play of Wavelength and
observation of strangers playing the game to-
gether, we argue that a teamŠs success at Wave-
length is strongly tied to knowing about your
teammate and being able to recognize what your
teammate knows about you. This awareness oc-
curs during the review of the guessing round
when you and your teammate see the clue, tar-
get location, and guessed location, helping play-
ers naturally recognize their [incorrect] models
of their teammates and sparking conversations
to Ąnd common ground and ŞreviseŤ those mod-
els of each other. By Ąnding common ground
through gameplay, players coordinate their per-
spectives by [mis]aligning clues/guesses and
adapt their behaviors by tailoring future clues,
strengthening their teamŠs performance. While
these can be captured through Wavelength,
other games (i.e., Hanabi, CodeNames, Over-
cooked) cannot due to the game mecahnics.

4 Conclusion

Large language models have been shown to
be capable of playing games [?, 24], which
is why we believe AI can play Wavelength as
well. Wavelength can allow for the explo-
ration of MToM-like capabilities within human-
human, AI-AI, and human-AI teams. Wave-
length can help address challenges such as if
a certain architecture has ToM- and MToM-like
capabilities. Additionally, the game presents
a unique design space for methods that help
human-AI teams more effectively construct,
recognize, revise, and maintain their models of
each other throughout collaborations. Wave-
length game mechanics allow for easy measure-
ment of subjective and behavioral observations
of a teamŠs MToM through game score, align-
ment of clue/guess rationalizations, and per-
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ception of clue personalization. Ultimately, we
hope this initiates engaging conversations and
studies across the AI and HCAI communities
to progress human-AI collaborations through
novel approaches for Mutual Theory of Mind-
like capabilities.
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