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Abstract

Effective collaboration requires accurate mental models of one’s
partners. Current AI agents, however, may not model humans
the way humans model each other under real-time constraints,
creating an asymmetry in human-AI teamwork. Prior research
has focused on one-human-one-AI settings, leaving open how
coordination changes when multiple humans work with multi-
ple AI agents simultaneously. We developed Co-Overcooked,
a four-player cooking game where teams of humans and LLM
agents must coordinate in real time. In a within-subjects exper-
iment (N=40), participants experienced four team compositions
varying in human-to-AI ratio: four humans (H4A0), three hu-
mans with one AI (H3A1), two humans with two AIs (H2A2),
and one human with three AIs (H1A3). Results revealed non-
linear patterns: H3A1 and H1A3 teams performed worse than
pure AI teams, while H2A2 teams showed better performance
through spontaneous one-human-one-AI pairing strategies. We
identified expectation conflict, where multiple humans hold di-
vergent models of a shared AI partner, as a coordination diffi-
culty specific to hybrid teams, and propose cognitive ownership
as a design principle for human-AI team configuration.

Keywords: human-AI collaboration; partner modeling; shared
mental models; team composition; cognitive load

Introduction
Effective collaboration requires that individuals maintain ac-
curate mental models of their partners—representations of
goals, capabilities, and likely actions that enable anticipatory
coordination (Mathieu et al., 2000; Sebanz et al., 2006). In
human teams, this partner modeling is supported by Theory of
Mind (ToM), enabling bidirectional mentalizing where each
agent models their partners while recognizing they themselves
are being modeled (Sebanz & Knoblich, 2009; Shteynberg
et al., 2023). This recursive awareness contributes to shared
mental models that provide a foundation for coordinated action
(Cannon-Bowers et al., 1993; Mohammed et al., 2010). Re-
search on joint action shows that individuals automatically co-
represent their partner’s task, facilitating inference of hidden
intentions and coordination without explicit communication
(Baker et al., 2011; Sebanz et al., 2013). However, because
co-representation competes for limited cognitive resources,
the capacity for partner modeling is constrained (Wenke et
al., 2011).

When LLM agents join collaborative teams, an asymme-
try can emerge: humans naturally form mental models of
their partners to predict behavior, while current LLM agents

operating under real-time constraints may not engage in recip-
rocal partner modeling to a comparable degree (Zhang et al.,
2024). Recent work suggests that LLMs can exhibit theory-of-
mind-like reasoning under certain conditions (Kosinski, 2024;
Strachan et al., 2024) and that partner modeling can emerge
in simpler multi-agent systems when task demands require it
(Mon-Williams et al., 2025); we therefore treat this asymme-
try as a property of current systems and prompting regimes
rather than a general limitation. This unidirectional men-
talizing creates challenges—humans often struggle to form
accurate models of opaque AI behaviors (Bansal et al., 2019;
Gero et al., 2020), leading to miscalibrated trust and coordi-
nation difficulties (Lee & See, 2004; McNeese et al., 2021).
While recent approaches have begun endowing AI agents with
Theory of Mind capabilities (Li et al., 2025), the burden of
modeling non-reciprocal partners often remains with human
team members. Existing research has predominantly exam-
ined dyadic interactions (Chiang et al., 2023; Gomez et al.,
2025), leaving open the question of how partner modeling
demands change in multi-agent settings.

The Overcooked environment has become a standard
testbed for studying coordination in human-AI teaming. Re-
inforcement Learning approaches have developed agents ca-
pable of zero-shot coordination with novel partners (Hu et al.,
2020; Sarkar et al., 2023; Wang et al., 2024), while Large
Language Model (LLM) agents exploit semantic reasoning
for flexible planning (Agashe et al., 2025; Sun et al., 2025).
Computational approaches have modeled Theory of Mind to
infer human sub-goals and adapt to diverse playstyles (Nguyen
et al., 2024; Schröder & Kopp, 2024; Wu et al., 2021). Ad-
ditional work has examined role specialization (Mieczkowski
et al., 2025) and trust dynamics (Meimandi et al., 2025). Yet
the human experience of collaboration—how cognitive strate-
gies and limitations manifest when coordinating with AI—has
received limited empirical attention (Rosero et al., 2021), par-
ticularly as team composition scales beyond dyads.

Addressing this gap is essential given that practical applica-
tions increasingly involve configurations where multiple hu-
mans coordinate with multiple LLM agents. Whether the ratio
of human to AI team members imposes cognitive constraints
on coordination has implications for agent design and team
staffing. We suggest that partner modeling capacity constrains
viable team configurations in ways that linear scaling assump-
tions would not predict—configurations requiring humans to
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Figure 1: Co-Overcooked task environment. Left: Sequential soup preparation workflow. Center: Pre-game planning phase
with text chat. Right: Main game interface with four players coordinating in real time.

share responsibility for AI partners, or to model multiple LLM
agents simultaneously, may produce coordination difficulties
distinct from those in human-only or dyadic teams.

To investigate this question, we developed Co-Overcooked,
a four-player collaborative cooking game requiring real-
time coordination across interdependent tasks. AI team-
mates used LLM with heuristic validation, producing
behavior that was predictable-in-principle yet fallible-in-
practice—instantiating the unidirectional mentalizing charac-
teristic of current human-AI systems. Using a within-subjects
design, 40 participants experienced four team compositions
(H4A0, H3A1, H2A2, H1A3). Performance in a pure AI
baseline condition (H0A4) was collected separately for com-
parison. We assessed task performance alongside process
measures: coded planning communications capturing model
formation strategies, behavioral markers of prediction fail-
ures, responses to coordination breakdowns, and subjective
ratings of mental demand, perceived predictability, and role
clarity.

Our findings revealed nonlinear patterns in team perfor-
mance. Both H3A1 and H1A3 performed worse than pure
AI teams—human presence in these configurations appeared
to hinder rather than help coordination. H4A0 achieved the
highest performance, followed by H2A2. Behavioral analysis
pointed to distinct challenges in each configuration: H3A1
teams experienced expectation conflict, where multiple hu-
mans held divergent predictions about a shared AI partner
without a mechanism for reconciliation. H1A3 teams showed
signs of cognitive overload. H2A2 teams performed better
through emergent dyadic pairing strategies that kept model-
ing demands manageable.

These findings offer two contributions. First, we identi-
fied expectation conflict as a coordination difficulty specific
to human-AI teams. When multiple humans developed di-

vergent models of a shared AI partner, and the AI was not
perceived as a participant in resolving these disagreements
through mutual coordination, coordination difficulties tended
to persist rather than resolve through experience. Second, we
propose cognitive ownership as a design principle: effective
human–AI teams may benefit from ensuring that each human
maintains modeling responsibility for a limited number of AI
partners, rather than assuming that human oversight scales
additively with more participants.

Experiments
Task Environment
We developed Co-Overcooked, a multiplayer adaptation of
the Overcooked cooking simulation (Carroll et al., 2019), de-
signed to require continuous partner modeling. Teams of
four players worked to prepare onion-tomato soup through a
sequential workflow: collecting ingredients, chopping, cook-
ing, and serving (Figure 1, Left). The task environment uti-
lized a spacious map layout allowing unrestricted access to all
resources (Figure 1, Right). This open structure meant that co-
ordination could not rely on spatial constraints; instead, play-
ers needed to anticipate partners’ intentions to avoid physical
interference and redundant actions.

The procedure began with a 10-minute tutorial session to fa-
miliarize participants with controls and mechanics, followed
by the main experiment lasting approximately 20 minutes.
Participants completed four sessions corresponding to the dif-
ferent team compositions. Each 5-minute session consisted
of three phases: a 1-minute pre-game planning phase where
teammates strategized via text chat and could reposition char-
acters (Figure 1, Center), a 3-minute main gameplay phase
requiring real-time execution, and a 1-minute post-trial sur-
vey to assess subjective workload and role clarity.
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Figure 2: LLM agent architecture. The LLM generates
targets from map state and chat logs; a heuristic validator
ensures executable actions.

LLM Agent Design
LLM agents were governed by a hybrid architecture combin-
ing a LLM (GPT-4o) for high-level decision-making with a
heuristic validator for robust execution (Figure 2). The agent
processes two inputs: the current map state (entity coordi-
nates) and the cumulative chat logs. Based on these inputs,
the LLM generates a high-level goal (Target: e.g., “Onion”)
and specific destination coordinates (Point). To derive the
high-level goal, the LLM generates a brief natural language
description of its reasoning in a chain-of-thought-like process,
which was used internally to guide goal selection. A heuristic
validator then assesses the feasibility of this goal; if valid, it
converts the intent into low-level controls (Move/Interact). If
the action is physically impossible (e.g., path blocked), the
validator triggers a feedback loop prompting the LLM to re-
generate a valid plan. LLM agents ran in parallel on separate
threads, so per-agent inference latency did not block others.
The LLM revised intents every 0.5s, while the heuristic val-
idator emitted per-tick Move/Interact actions at the same rate
as human controls; humans and AI thus acted at the same tick
frequency but differed in intent-revision granularity.

This architecture enabled agents to participate in coordina-
tion through natural language. We selected an LLM-based
agent architecture to support rich natural language under-
standing, which we considered necessary for observing how
humans assign social roles and coordinate with artificial part-
ners through dialogue. During the pre-game phase, agents
analyzed user messages to identify and adopt distinct roles
(e.g., recognizing “I’ll chop” and responding “I will cook”).
During gameplay, they processed real-time chat instructions
to dynamically switch current goals. Agent behavior was gen-
erated based on the current game state and accumulated chat
context, without maintaining explicit, partner-specific models
of individual humans over time.

AI-only teams (H0A4) established baseline performance
(𝑀=18.2 soups), demonstrating that agents were competent

collaborative partners. This baseline ensures that performance
differences in mixed teams reflect team structure effects rather
than inherent AI limitations.

Participants and Study Design
Forty participants (𝑀𝑎𝑔𝑒 = 24.9 years, 𝑆𝐷 = 3.85 years;
23 females, 17 males) were recruited via the university’s ex-
perimental participant pool and organized into 10 teams of
four players. An a priori power analysis (Faul et al., 2009)
confirmed that this sample size exceeded the minimum of 36
required to detect medium effects ( 𝑓 = .25) with high power
(1 − 𝛽 = .95, 𝛼 = .05) in a repeated-measures design.

The study was approved by the Institutional Review Board
(IRB) of the University of Illustrations. Participants provided
written informed consent and received $20 USD compen-
sation. We employed a within-subjects design where each
team experienced all four compositions (H4A0, H3A1, H2A2,
H1A3). Condition order was counterbalanced using a bal-
anced Latin square design, ensuring each composition ap-
peared equally often in each ordinal position.

Measures
We assessed coordination through multiple complementary
measures capturing both objective outcomes and the cognitive
processes hypothesized to mediate composition effects.

Task Performance. Completed soups served as the pri-
mary outcome, capturing successful execution of the full col-
laborative workflow.

Partner Model Formation. Pre-game chat messages
(1,052 total; 𝜅=.84) were coded into three categories: self-
role declaration (stating own roles), partner-role assignment
(designating roles to others), and role negotiation (resolving
conflicting expectations).

Prediction Failures. Gameplay events (2,847 total; 𝜅=.81)
indicating failed partner predictions were coded into four cat-
egories: collision events (simultaneous access to the same tar-
get object, not physical movement collisions), handoff failures
(unmet sequential expectations), idle periods (>2s pauses, cor-
responding to approximately four missed action steps caused
by overlapping agent behaviors), and invalid actions (actions
inconsistent with game state).

Shared Mental Model Development. Prediction failure
rates were compared between first and second session halves
to assess within-session model refinement.

Model Updating Responses. Responses to prediction fail-
ures were coded as: corrective instruction (chat commands to
modify partner), strategy revision (changing strategy, role of
partner), model abandonment (verbal disengagement, e.g., “I
can’t tell what it’s doing”), or no response (absence of verbal
reaction, which may include silent adjustments).

Subjective Experience. Post-trial surveys (7-point Likert
scales) assessed mental demand (Hart & Staveland, 1988),
perceived predictability (Bansal et al., 2019), and role clarity
(Seeber et al., 2020).
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Analysis Approach
We analyzed coordination through five stages: (1) task perfor-
mance, (2) pre-game communication patterns, (3) prediction
failures and within-session learning, (4) model updating re-
sponses, and (5) subjective experience.

Task performance was analyzed with repeated-measures
ANOVA at the team level (𝑁=10). Although this sample
size is modest, within-subjects design maximizes statistical
power by controlling for between-team variability, and the
observed effect sizes were large (𝜂2

𝑝=.81). Subjective ratings
were analyzed with repeated-measures ANOVA at the individ-
ual level (𝑁=40), treating participants as the unit of analysis
as these measures capture individual cognitive experiences.
Bonferroni corrections were applied for all pairwise compar-
isons. Effect sizes are reported as 𝜂2

𝑝 . Behavioral coding data
descriptively characterize coordination processes.

Results
We present results organized to explain why team compo-
sition affects coordination success: coordination outcomes
reveal what differs across compositions; behavioral analyses
of partner modeling, prediction failures, and model updating
reveal how these differences emerge; and subjective ratings
confirm the cognitive mechanisms involved.

Coordination Performance
Performance varied nonlinearly with team composition (Fig-
ure 3). A repeated-measures ANOVA on team-level per-
formance (𝑁=10 teams) revealed a significant main effect,
𝐹(3,27)=38.52, 𝑝<.001, 𝜂2

𝑝=.81. The observed hierarchy was:
H4A0 (𝑀=35.22, 𝑆𝐷=7.16) > H2A2 (𝑀=20.82, 𝑆𝐷=5.74) >
H3A1 (𝑀=11.65, 𝑆𝐷=7.22) ≈ H1A3 (𝑀=9.35, 𝑆𝐷=8.70).

Pairwise comparisons (Bonferroni-corrected) revealed
three findings. First, H3A1 and H1A3 performed equivalently
(𝑝=.58) despite having three versus one human member. Sec-
ond, H2A2 significantly outperformed both H3A1 (𝑝=.002)
and H1A3 (𝑝<.001). Third, both H3A1 and H1A3 performed
below the AI-only baseline (H0A4: 𝑀=18.25), suggesting
that human presence does not necessarily improve coordina-
tion when team structure limits effective partner modeling.

If coordination were simply additive, performance should
increase monotonically with human count. The observed pat-
tern suggests that what matters is not how many humans are
present, but whether the team structure supports effective part-
ner modeling. This pattern foreshadows the role of structural
alignment in partner modeling, which we unpack through
planning communication and prediction failure analyses.

Partner Model Formation During Planning
Pre-game communication (1-minute planning phase) revealed
composition-dependent strategies for establishing partner
models. We coded 1,052 messages (𝜅=.84) into three cat-
egories.

Each composition showed a distinct communication signa-
ture (Table 1). H4A0 relied on bilateral self-role declaration
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Figure 3: Coordination performance by team composition.
Dashed line: AI-only baseline (H0A4). Error bars: SE. H3A1
and H1A3 performed below the AI-only baseline.

Table 1: Pre-game communication patterns by composi-
tion. Mean messages per session (SD below).

Message Type H4A0 H3A1 H2A2 H1A3
Self-role declaration 2.89 1.85 2.10 0.56

(.95) (.78) (.88) (.42)
Partner-role assignment 3.00 4.20 5.50 7.25

(1.12) (1.35) (1.48) (1.92)
Role negotiation 0.44 1.80 0.95 0.85

(.38) (.72) (.55) (.62)

(𝑀=2.89)—each human stated their intentions, enabling part-
ners to form predictive models through direct exchange. Min-
imal negotiation (𝑀=0.44) suggests rapid convergence when
all partners can communicate.

H3A1 showed elevated role negotiation (𝑀=1.80), the high-
est among all compositions. This reflects a second-order coor-
dination problem: three humans must align not only their own
actions but also their expectations about the shared AI. The AI
was not positioned to meaningfully contribute to this negoti-
ation, shifting coordination toward human–human alignment
and resulting in persistent divergence in how the AI’s role was
understood.

H2A2 showed high partner-role assignment (𝑀=5.50) fo-
cused on ownership structures. Qualitative analysis revealed
that 78% of assignments specified dyadic pairings (e.g., “I’ll
handle yellow, you take blue”). This strategy manifested as or-
ganizing four player coordination into two parallel human–AI
pairs.

H1A3 showed minimal self-role declaration (𝑀=0.56) but
maximal partner-role assignment (𝑀=7.25). Although the
AI offered role-relevant suggestions, the human tended to
issue directives and manage the AI’s behavior, resulting in
an asymmetric information structure that limited reciprocal
model formation.
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Table 2: Prediction failures and responses by composition.
Mean events per session (SD below).

H4A0 H3A1 H2A2 H1A3
Prediction failure types

Collision 1.20 3.30 2.10 2.65
(.42) (.94) (.60) (.88)

Handoff failure 0.60 2.20 1.25 2.00
(.30) (.32) (.44) (.86)

Idle period 0.40 1.50 1.00 1.70
(.32) (.42) (.52) (.59)

Invalid action 1.30 3.00 1.95 2.60
(.68) (.67) (.44) (.67)

Total failures 3.50 10.00 6.30 8.95
(1.26) (1.83) (1.53) (2.30)

Responses to prediction failures
Corrective instruction 0.20 2.40 1.35 1.55

(.63) (.97) (.74) (.89)
Strategy revision 0.30 1.80 1.15 1.25

(.50) (.97) (1.00) (.95)
Model abandonment 0.05 2.00 0.25 0.55

(.15) (.79) (.22) (.53)
No response 2.95 3.80 3.55 5.60

(1.42) (1.30) (1.21) (1.39)

Prediction Failures and Shared Model Updating
Gameplay analysis quantified coordination breakdowns from
failed partner predictions. We coded 2,847 events (𝜅=.81) into
four categories and examined how teams responded to these
breakdowns (Table 2).

Prediction failure types. H3A1 showed the highest total
failure rate (𝑀=10.00), with collisions as the dominant mode
(𝑀=3.30). In contrast, H1A3’s failures were characterized by
elevated idle periods (𝑀=1.70), suggesting prediction uncer-
tainty rather than conflicting predictions.

Other failure types reflected mismatches in role execution
rather than timing. Handoff failures captured cases in which
a player performed an incorrect role, while invalid actions oc-
curred when a player attempted an action that was disallowed
by the game rules. Both failure types were most frequent in
H3A1 (𝑀=2.20, 3.00) and H1A3 (𝑀=2.00, 2.60), suggest-
ing difficulties in maintaining accurate role assignments in
asymmetrical team structures.

Responses to prediction failures. Teams differed in how
they responded following prediction failures. H3A1 showed
the highest rate of corrective instruction (𝑀=2.40). How-
ever, qualitative analysis revealed that 62% of correction se-
quences involved contradictory instructions from different hu-
mans within five-second windows, limiting their effectiveness
for stabilizing shared models.

H3A1 also showed the highest model abandonment rate
(𝑀=2.00). In contrast, H1A3 exhibited the highest level
of no response (𝑀=5.60). This category includes cases in

Figure 4: Within-session learning by team composition.
Only H4A0 and H2A2 showed failure reduction from first to
second half. *𝑝<.05, **𝑝<.01, ns = not significant.

Table 3: Cognitive load and subjective ratings by team
composition. Values represent means on 7-point scales
with standard deviations below. Repeated-measures ANOVA:
𝑁=40, 𝑑𝑓 =(3, 117).

Measure H4A0 H3A1 H2A2 H1A3
Mental demand 2.07 3.71 2.38 4.18

(1.21) (1.81) (1.71) (2.01)
𝐹=14.23, 𝑝<.001, 𝜂2

𝑝=.27
Perceived predictability 5.82 3.29 4.62 4.00

(1.12) (1.74) (1.81) (1.58)
𝐹=18.76, 𝑝<.001, 𝜂2

𝑝=.33
Role clarity 5.71 4.74 5.58 4.29

(1.63) (1.73) (1.38) (1.76)
𝐹=7.89, 𝑝<.001, 𝜂2

𝑝=.17

which participants adjusted behavior without verbal coordi-
nation; qualitative inspection of gameplay logs showed that
such silent behavioral adjustments occurred primarily in the
H1A3 condition.

Changes over time. To assess shared model updating, we
compared failure rates between the first and second halves
of each session (Figure 4). Paired 𝑡-tests revealed that only
H4A0 and H2A2 showed within-session improvement. H4A0
exhibited a 33% reduction in failures, 𝑡(9)=2.84, 𝑝=.019,
𝑑=0.90. H2A2 showed a 50% reduction, 𝑡(9)=3.52, 𝑝=.006,
𝑑=1.11. In contrast, neither H3A1, 𝑡(9)=0.67, 𝑝=.52, nor
H1A3, 𝑡(9)=0.89, 𝑝=.40, exhibited learning effects, suggest-
ing that their team structures constrained model convergence
regardless of experience.

Cognitive Load and Subjective Experience
Post-trial measures confirmed that composition affected ex-
perienced difficulty. Repeated-measures ANOVAs revealed
significant effects for all three measures.

Three findings illuminate the cognitive mechanisms (Ta-
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ble 3). H1A3 reported the highest mental demand (𝑀=4.18),
consistent with cognitive overload from tracking three AI part-
ners. Critically, H3A1 reported higher mental demand than
H2A2 (𝑀=3.71 vs. 2.38) despite having more human team-
mates, suggesting that H3A1’s difficulty stems from coordi-
nating conflicting human models rather than tracking AI. This
interpretation is supported by the predictability ratings: per-
ceived predictability was lowest in H3A1 (𝑀=3.29) despite
identical LLM agents across conditions. When three humans
hold divergent models of the same AI, each experiences the
AI as unpredictable because it repeatedly violates individual
expectations. In contrast, H2A2’s dyadic ownership structure
yielded role clarity (𝑀=5.58) comparable to all-human teams
(𝑀=5.71), both exceeding H3A1 and H1A3.

Discussion
This study examines multi-human, multi-AI collaboration be-
yond dyadic interaction. We asked whether the ratio of hu-
mans to AI teammates may shape cognitive constraints on
coordination. Our findings suggest that, in this LLM-agent
setting, adding humans did not linearly improve performance.

Overall, performance appeared to depend less on the num-
ber of humans present than on whether the team structure
supported effective partner modeling: H3A1 underperformed
H2A2 and even pure-AI teams, challenging the assumption
that more human oversight necessarily improves coordination.

Team Composition Shapes Mental Model Evolution
Shared mental models varied by composition. In human-only
teams (H4A0), bidirectional exchange allowed participants
to declare intentions, observe responses, and refine predic-
tions, producing rapid convergence consistent with prior work
(Cannon-Bowers et al., 1993).

Adding AI partners disrupted this process in composition-
dependent ways. In H3A1 teams, the core difficulty was coor-
dinating among humans about how to model the AI. Multiple
humans formed different expectations of the same AI partner,
yet had no mechanism to detect or resolve these differences.
We term this expectation conflict. Because the AI could not
perceive or resolve human disagreement, conflicting predic-
tions persisted across the session. Elevated contradictory in-
structions and model abandonment reflected this unresolved
divergence, a failure mode specific to hybrid teams with a
shared non-reciprocal partner.

H1A3 teams faced a different challenge: cognitive overload.
The single human needed to track three AI partners simulta-
neously. Elevated idle periods and non-responses suggest that
this exceeded predictive capacity.

H2A2 teams avoided both problems by forming parallel
human-AI dyads. Assigning each human ownership of one
AI partner reduced a four-agent problem to two pairs, keep-
ing modeling demands manageable. This suggests owner-
ship allocation as a candidate mechanism for mitigating non-
reciprocal coordination.

Together, these patterns suggest a boundary condition for

applying shared mental model theory to real-time human-
LLM teams: mutual adjustment may break down unless team
structure clarifies who is responsible for modeling whom.

Design Implications
Three design considerations follow from these findings. First,
team configuration should account for limits in partner mod-
eling capacity. H1A3 shows that too many non-reciprocal
partners can overload a human, while H3A1 shows that am-
biguous modeling responsibility can produce unresolved ex-
pectation conflicts. Human-AI teams should therefore define
clear modeling relationships for each human.

Second, modular structures may reduce cognitive load.
H2A2 teams decomposed a four-agent problem into two dyads,
keeping modeling demands within working memory lim-
its. Rather than treating human-AI teams as undifferentiated
pools, systems might organize collaboration as networks of
human-AI pairs.

Third, AI agents should support expectation alignment
across humans. The expectation conflicts in H3A1 persisted
because humans lacked awareness of teammates’ divergent
models. AI partners that externalize current goals through
visual indicators could provide a common reference point, al-
lowing humans to align mental models before conflicts mani-
fest in action.

Limitations and Future Directions
Several limitations constrain generalization. Our task required
continuous real-time coordination; slower-paced collabora-
tion might reduce the costs of expectation conflicts. Our
LLM agents were moderately predictable; more opaque sys-
tems might produce different patterns. We studied ad-hoc
teams; extended collaboration might enable teams to develop
compensatory protocols.

Future work should test whether these patterns vary by
working memory capacity, collaboration duration, and agent
type, including non-LLM or RL-based agents with different
latency and action granularity. It should also examine whether
broadcasting expectation conflicts can restore bidirectional
coordination.

Conclusion
This study examined how team composition affects coordi-
nation in human-AI teams. Effective collaboration depends
on how modeling demands are distributed across team mem-
bers. Performance was shaped not by the number of humans
or LLM agents, but by whether each human could maintain
manageable modeling relationships with AI partners. Asym-
metric configurations impaired coordination through expecta-
tion conflicts (H3A1) or cognitive overload (H1A3). Balanced
configurations (H2A2) performed better through spontaneous
dyadic pairing that kept modeling demands manageable. As
AI agents are integrated into complex team settings, attention
to these cognitive constraints may inform configurations that
better support coordination.
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