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Abstract

Real-time human-artificial intelligence (AI) collaboration is
crucial yet challenging, especially when AI agents must adapt
to diverse and unseen human behaviors in dynamic scenarios.
Existing large language model (LLM) agents often fail to ac-
curately model the complex human mental characteristics such
as domain intentions, especially in the absence of direct com-
munication. To address this limitation, we propose a novel
dual process multi-scale theory of mind (DPMT) framework,
drawing inspiration from cognitive science’s dual process the-
ory. Our DPMT framework incorporates a multi-scale theory
of mind (ToM) module to facilitate robust human partner mod-
eling through mental characteristic reasoning. Experimental
results demonstrate that DPMT significantly enhances human-
AI collaboration, and ablation studies further validate the con-
tributions of our multi-scale ToM in the slow system.
Keywords: theory of mind; human-AI collaboration; dual pro-
cess theory; intelligent agents; large language model

Introduction
In recent years, large language models (LLMs) have achieved
expert-level performance across various domains, including
conversational question-answering assistants (Achiam et al.,
2023) and code generation (Chen et al., 2021; R. Li et al.,
2023). Building on the exceptional perception, comprehen-
sion, and reasoning capabilities of LLMs, LLM agents have
rapidly emerged, attracting widespread attention. By inte-
grating mechanisms such as memory and reflection, these
agents demonstrate general-purpose abilities and robust gen-
eralization across tasks like operating system command ex-
ecution (Deng et al., 2024; He et al., 2024), mobile assis-
tance (J. Wang et al., 2024; C. Zhang et al., 2023), creative
exploration in Minecraft (G. Wang et al., 2023), and embod-
ied intelligence scenarios (Brohan et al., 2023).

However, achieving effective adaptation in complex col-
laborative tasks remains a significant challenge, which is crit-
ical for the broader application of LLM agents. Unlike tasks
that an LLM agent can perform independently, collaborative
tasks like Overcooked (Ghost Town Games, 2016) require the
agent to work with diverse partners, including humans, to
efficiently complete a series of complex sub-tasks—such as
retrieving ingredients, cooking, and serving dishes within a
limited time. The task list in Overcooked is too intricate for a
single agent to handle alone. Furthermore, human collabora-
tors, constrained by bounded rationality, may lack complete
domain knowledge, introducing additional instability and un-
certainty in human-artificial intelligence (AI) collaboration.

Thus, effectively modeling human cognition is key to improv-
ing adaptation and collaboration.

Recent research has focused on improving the adaptability
and decision-making capabilities of LLM agents by facilitat-
ing communication between human players and AI agents in
environments with diverse human partners (Liu et al., 2023;
S. Zhang et al., 2024). Leveraging their advanced natural
language understanding, LLM agents can interpret human
commands and formulate subsequent action plans (Liu et al.,
2023). By adjusting their collaboration strategies through
mutual communication with human partners, LLM agents
significantly improve the overall collaboration performance
of human-AI teams (S. Zhang et al., 2024).

However, the improved communication alone does not
fully address the challenges of real-time scenarios. Current
LLM agents lack the human-like cognitive ability known as
“theory of mind” (ToM), which allows humans to under-
stand and predict others’ mental beliefs based on observed
behaviors in social environment (Astington & Jenkins, 1995).
This ability facilitates efficient collaboration in tasks with-
out direct communication. The absence of ToM hinders
LLM agents’ performance in complex, real-time human-AI
collaborative tasks. Although recent studies have explored
ToM modeling to improve agent prediction (Rabinowitz et
al., 2018; X. Li et al., 2023), these approaches rely on high-
quality trajectories and prior knowledge of partners. As a re-
sult, their interpretability and generalization are limited, re-
stricting their applicability in real collaborative scenarios.

Inspired by dual process theory (Vaisey, 2009; Lizardo et
al., 2016), we propose a cognitive dual process multi-scale
theory of mind (DPMT) to improve the interpretability and
efficiency of human partner modeling in real-time human-AI
collaboration. Our DPMT framework distinguishes between
two decision-making systems for real-time human-AI collab-
oration: a fast system for automatic decisions and a slow sys-
tem for modeling higher-level cognitive abilities. The core
contribution of this work is the development of a multi-scale
theory of mind module to simulate the slow system for un-
derstanding human partners’ behavioral trajectories and rea-
soning about their mental characteristics, facilitating more ef-
fective collaboration. This ToM process follows a three-tiered
reasoning process, which progresses from domain knowledge
to cognitive style, and ultimately to domain intention, as il-
lustrated in Figure 1. Experimental results from collaborative
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Chopped cabbages and 

onions here. Two urgent 

orders are both Cathy. 

Human partner is 

chopping onions now. 

Based on his trajectory, 

his detailed order 

knowledge is incorrect 

due to mixing an off-list 

soup, so I will focus on 

the mixing action.

My partner is the 

ingredient-preparation-

oriented style, preparing 

all ingredients first, then 

mixes them into the pot.

After chopping the 

onions, my partner’s 

long-term intention is 

chopping tomatoes, so 

I will place tomatoes 

in the center.

Step 4. Partner domain intention Reasoning

Step 2. Partner domain knowledge Reasoning Step 1. Observing

Step 3. Partner Cognitive Style Reasoning

Agent Human Agent Human

Agent HumanAgent Human

Figure 1: A four-step example of cognitive ToM modeling for
human partners in the collaborative task Overcooked. In Step
1, the agent observes the environment and the human part-
ner’s recent behaviors. In Step 2, the agent understands the
human trajectory and predicts the partner’s domain knowl-
edge. In Step 3, the agent analyzes the partner’s behavioral
preferences and categorizes his cognitive style based on the
inferred domain knowledge. In Step 4, the agent infers the
partner’s domain intention for effective disicion-making.

tasks in Overcooked demonstrate the effectiveness of DPMT
in improving real-time human-AI collaboration.

Related Work
LLM agent. Human-AI collaboration (Puig et al., 2020;
Gao et al., 2020) constitutes a highly challenging research
direction, motivating extensive investigations into strategies
for enhancing the effectiveness, efficiency, and adaptability
of human-AI systems. Compared to traditional agents, LLM-
based agents contain an inherent world model, making them
highly effective in reasoning and facilitating interpretable in-
teraction for complex tasks, such as human-AI collabora-
tion (Wu et al., 2024; Liu et al., 2023). Recent research
(C. Zhang et al., 2024) designs the LLM agent framework
with a verifier on the Overcooked environment, with knowl-
edge and state as prompts to guide action planning. Recent
work by (H. Zhang et al., 2023) proposes a modular frame-
work that enables embodied agents to communicate and col-
laborate effectively, facilitating the efficient accomplishment
of multi-agent long-term collaboration tasks.

Theory of Mind (ToM) refers to the ability of individu-
als to understand and predict others’ mental states, including
their intentions and goals for optimal decision-making and ef-
ficient social collaboration. Recent work introduces the ToM
module in single-agent scenarios to predict an agent’s future
actions based on its historical trajectory (Rabinowitz et al.,
2018). A ToM-based multi-agent communication method in-
corporates an additional ToM module to select optimal com-
munication partners based on historical trajectories in multi-

agent systems (Y. Wang, Xu, Wang, et al., 2021). The mu-
tual ToM process, introduced in recent work (S. Zhang et al.,
2024), enhances human-AI collaboration by improving rea-
soning and communication.

Partner modeling. In multi-agent reinforcement learn-
ing (MARL) tasks, partners often exhibit dynamic and di-
verse strategies, introducing significant challenges in non-
stationarity and generalization. To address these challenges
in multi-agent collaboration, several studies (Carroll et al.,
2019; Shih & Sawhney, 2021) have explored partner model-
ing to predict partners’ behaviors for enhancing efficient col-
laboration in complex MARL scenarios. Other approaches
construct additional behavioral models (X. Li et al., 2023;
Jiang et al., 2024) to simulate human partners and character-
ize their behavior styles. However, these methods focus on
the accuracy of behavioral policy modeling, neglecting the
simulation of partners’ mental characteristics. Our work fo-
cuses on human partner’s multi-scale ToM modeling for part-
ner knowledge, cognitive styles, and domain intentions.

DPMT: Dual Process Multi-scale Theory of
Mind Framework

Overview
As illustrated in Figure 2, our DPMT method comprises sev-
eral components: the information extractor, the slow reason-
ing system, the fast intuitive system, and the action decoding
module. The information extractor transforms environmental
observation ot and the human partner’s trajectory ct−1 into the
language state, represented as the system cue psystem

t . psystem
t

encodes textual information about the environment and serves
as the input for both the fast and slow systems.

The fast system focuses on the quick intuitive decision-
making for each step, making macro-action mt from a pre-
defined macro-action set. In contrast, the slow system em-
phasizes cognitive multi-scale ToM reasoning, modeling the
partner’s mental characteristics kt ,yt ,nt to assist the fast sys-
tem in making macro-action decisions.

The action decoding module decomposes the current
macro-action mt into atomic actions at and executes them
at a much higher frequency until mt is completed. Once mt
is finished, the fast system determines the subsequent mt+1
based on the multi-scale partner reasoning kt ,yt ,nt from the
slow reasoning system. This hierarchical approach ensures a
seamless integration of intuitive decision-making and cogni-
tive reasoning for efficient human-AI collaboration.

Slow System
As illustrated in Figure 3, we propose a multi-scale men-
tal characteristics system for human-AI collaboration, draw-
ing inspiration from social psychology research on human
decision-making (Hauser, 2019; Santos, 2008). These studies
categorize various mental characteristics that influence indi-
vidual behavior into three key dimensions: domain knowl-
edge, cognitive style, and domain intention (Zhao & Smil-
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Figure 2: As shown in the figure above, our proposed DPMT framework is inspired by the dual process theory, comprising an
information extractor module, an action decoding module, a fast system for macro-action decision-making and a slow system
for human partner modeling with a multi-scale ToM module. The ToM module consists of three stages: domain knowledge
reasoning ToMknowledge, cognitive style reasoning ToMstyle, and domain intention reasoning ToMintention. By emulating the
cognitive structure, our framework can effectively reason about the human partner and achieve efficient collaboration.

lie, 2015; Bostan, 2009). This system organizes these mental
characteristics into a hierarchical architecture, with domain
knowledge forming the foundation and domain intentions at
the top, progressively enhancing interpretability. Building on
this, we propose a multi-scale ToM model as our slow system,
simulating the slow cognitive process in the dual process the-
ory. This ToM model comprises multiple stages of human
partner mental characteristic reasoning: the human domain
knowledge reasoning stage ToMknowledge, the human cogni-
tive style reasoning stage ToMstyle, and the human domain
intention reasoning stage ToMintention.

Small models face significant limitations in interpretability
and general knowledge, making it challenging to construct an
efficient and interpretable ToM model capable of effectively
capturing partner styles and inferring domain intentions from
partner trajectories. To overcome these challenges, we lever-
age LLMs as the foundation for the ToM model, leveraging
their strengths in interpretability and extensive world knowl-
edge to enhance human partner ToM modeling.
Domain knowledge reasoning stage Domain knowledge
in the Overcooked includes ingredient knowledge, order
knowledge, and tool knowledge. Since these types of knowl-
edge are not directly provided in the environmental state,
they are typically accumulated from the human partner’s ex-
periences. Predicting human partners’ domain knowledge
serves as the foundation for further predictions of their cogni-
tive styles and domain intentions, forming a critical basis for
higher-level ToM reasoning.

In our framework, the partner domain knowledge reason-
ing stage ToMknowledge takes the knowledge cue pknowledge

t as
input, which integrates information from the language state

心智模型建模智能体的心智特性—参考公共物品博弈任务中的心理变量

Domain knowledge

Cognitive style

Domain 

intentions

Domain state

Decision-making 

preferences Ingredient knowledge 

Order knowledge

Tool knowledge

The partner's

behavioral preference

The partner’s 

short-term and long-term 

intention  

Chop

Chop

Mix...

Chop?

Figure 3: Our proposed multi-scale mental characteristics
system includes domain knowledge, cognitive style, and
domain intention. Domain knowledge includes ingredient
knowledge, order knowledge, and tool knowledge. Cognitive
style represents the partner’s personality trait and behavioral
style. Domain intention consists of long-term and short-term
goals, representing the partner’s decision-making process.

psystem
t , the human partner’s trajectory context ct−1, addi-

tional partner domain knowledge reasoning cases, and a cus-
tomized domain knowledge corpus. The domain knowledge
corpus comprises knowledge from three categories, such as
ingredient tomato under ingredient knowledge, order Bob un-
der order knowledge. The output of ToMknowledge is the hu-
man partner domain knowledge kt , which includes insights
such as whether the human partner understands the current
task rules or the required order preparation sequences.
Cognitive style reasoning stage The cognitive style re-
flects a human partner’s mental characteristic for decision-
making preferences based on the domain knowledge, includ-
ing personality traits, behavioral strategy preferences, and
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risk preferences. From the perspective of personality traits,
cognitive style can be categorized into field-independent, who
prefer to complete an entire order independently, and field-
dependent, who tend to collaborate by dividing order tasks
into sub-tasks to complete an order. In field-dependent play-
ers, cognitive styles can be further categorized based on the
behavioral strategy, which defines different task tendencies.
For example, an ingredient-preparation-oriented style fo-
cuses primarily on retrieving and processing various ingre-
dients. This style can also be divided into stable (consistently
following a fixed strategy) and random according to the be-
havioral strategy. Accurate classification of cognitive styles
is crucial for effective partner intention modeling.

In the partner style reasoning stage ToMstyle, the cognitive
style cue pstyle

t comprises pknowledge
t , the previous cognitive

style prediction yt−1, and the partner domain knowledge pre-
diction kt . This stage also incorporates an additional partner
style corpus to predict the human partner’s cognitive style yt .
In the partner style corpus, we design various partner cog-
nitive styles based on behavioral strategies and personality
traits observed in human behavioral experiments. These part-
ner styles are stored in a structured format consisting of a
name, a descriptive paragraph, and representative cases.

Domain intentions reasoning stage Building upon the
cognitive style and the current domain state, domain inten-
tions include both short-term and long-term intentions of
the human partner, which are crucial for achieving efficient
human-AI collaboration. Short-term intention reasoning in-
volves atomic action prediction, determining the human part-
ner’s current action, such as UP, DOWN, LEFT, RIGHT. In
contrast, long-term intention reasoning focuses on predict-
ing the human partner’s macro-action, specifying their pri-
mary goal for the current phase, such as Chop Tomato, Pre-
pare Bob Ingredients, Cook Alice Soup, Plate David Soup.
Based on the kt and yt , the domain intention reasoning stage
ToMintention incorporates a short-term intention cases and
long-term intention reasoning corpus in domain intention cue
pintention

t to output the human partner’s predicted intentions nt .

Fast System
To enable more real-time human-AI collaboration, our
DPMT incorporates a fast system that simulates the quick
decision-making system in the dual process theory. While
powerful large models like GPT-4o demonstrate superior rea-
soning ability, their high latency makes them unsuitable for
the fast system. Instead, our fast system in DPMT leverages
a smaller-scale LLM, such as llama-13B, to reduce latency in
macro-action decision-making and achieve real-time collabo-
ration, using the environmental language state psystem

t , the fast
system prompt, and currently available actions as input.

As illustrated in Figure 4, the fast system calculates macro-
action probabilities by computing token probabilities, similar
to recent works (Liu et al., 2023; Tan et al., 2024). Each
macro-action is represented as a sequence of tokens. The
LLM evaluates the probability of token sequences based on

the human ToM reasoning from the slow system. These prob-
abilities are then normalized to form the macro-action proba-
bility distribution at step t. The fast system selects the macro-
action mt with the highest probability from this distribution.

Fast System Prompt:
Game Situation: You and another human 

player are playing a simplified version of 

the video game Overcooked… 

Game Rules: There is a changing list … 

Human partner’s current intention:…

Human partner’s current style:…

Human partner’s current intention:…

My actions for current step are: ____.

Available Action Prompt:
Chop Tomato

Prepare Bob Ingredients

Cook Alice Soup

Cook Bob Soup

Plate David Soup…

LLM

0.2

0.2

0.4

0.15

0.05

Macro-action probability

Figure 4: Overview of our fast system in our proposed DPMT.
The fast system first computes token probabilities for ev-
ery macro-action, then derives the probability distribution of
available macro-actions, selecting the one with the highest
probability as the output.

Although smaller models may make suboptimal decisions,
our fast system compensates for this by leveraging accurate
partner reasoning from the slow system. These two systems
are implemented using multi-threading, where the slow sys-
tem’s reasoning for partner modeling operates at a longer time
scale than the fast system’s macro-action decisions. This de-
sign allows the fast system to run more frequently, enabling
efficient real-time human-AI collaboration.

Experiments
Experimental Environment
Our experimental environment is Overcooked (Ghost Town
Games, 2016; Liu et al., 2023), a primary human-AI collab-
oration benchmark. We have conducted experiments on three
maps based on the recent work (Liu et al., 2023), which intro-
duced an expanded version of the traditional Overcooked en-
vironment for human-AI collaboration. In this environment,
the agent and the human player work together to complete
cooking tasks as quickly as possible to achieve a higher re-
ward within a limited time. As shown in Figure 5, the en-
vironment includes three maps: Ring, Bottleneck, and Quick,
each with varying levels of difficulty. Among them, the Quick
and Bottleneck maps are more challenging. As shown in Fig-
ure 5, completing an order requires following a specific se-
quence of steps. The agent and human player must retrieve
the necessary ingredients, chop them, combine them accord-
ing to the different recipes, cook them for the required dura-
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(a)

(b)

(c)

Ingredients

Tomatoes Onions Cabbages

Serve Areas

Trash Bin

Plates

Current Orders

Cutboards

Pot

Pot on Fire

Cooking soup

Sliced Onions

Sliced Cabbages

Sliced Tomatoes

Remaining Time for the Order

Chef with Sliced 

Tomatoes

Chef with Sliced 

Cabbages

Figure 5: The left part shows our Overcooked environments.
The maps from top to bottom are Ring, Bottleneck, and
Quick. The right part shows the detailed layout description
of the bottleneck environment.

tion to make a dish, plate the dish before it overcooks, and
serve the dish to the designated position. Once the dish is
served, the player receives a reward (for example, 15 points),
while failing to submit a dish results in a penalty (for exam-
ple, -5 points). Players can choose and execute one action si-
multaneously from the following options: UP, DOWN, LEFT,
or RIGHT, using the directional arrow keys. This environ-
ment designs a macro-action set with 21 predefined macro
actions for the LLM agent, such as Cook Alice Soup.

Human Experiment 1: Collaborating with Human
Partners with Specific Strategies
Experimental Setup. In the human-AI collaboration ex-
periment, similar to HLAgent (Liu et al., 2023), the human
player followed the fixed strategy to control the partner agent
and interact with objects using the arrow keys like ’up,’ and
’down.’ In our human experiments, baseline methods in-
cluded our DPMT with Qwen, our DPMT without the multi-
scale ToM (MsToM) and the HLAgent. Since communica-
tion between agents was not allowed in our task setting, we
used the 0-command HLAgent as our baseline. To ensure ex-
perimental fairness, we established a stopping criterion that
terminated LLM agent executions once the trajectory length
reached 500 steps. In this part of the experiment, we used
game scores to measure human-AI collaboration efficiency.
The experiments were conducted on three maps and repeated
five times under consistent conditions. The average human-
AI collaboration scores are shown in Table 1.

Main Results. As shown in Table 1, our proposed DPMT
method consistently achieved the highest collaboration per-
formance when paired with fixed-strategy human partners
across all three maps: Ring, Quick, and Bottleneck, highlight-
ing the effectiveness of our DPMT framework. Compared
to the baseline methods, the introduction of the multi-scale
mental characteristic ToM reasoning module (MsToM) in our

Table 1: Score comparison between baseline methods and our
DPMT method across all three maps in the human experiment
1. Standard deviations are shown in parentheses.

Methods Ring Bottleneck Quick
Our DPMT 121 (±13.56) 101 (±13.56) 104 (±16.73)

Our DPMT w Qwen 100 (±15.17) 95 (±22.80) 105 (±18.71)
Our DPMT w/o MsToM 44 (±22.23) 23 (±22.93) 9 (±19.34)

HLAgent 99 (±18.81) 60 (±20.74) 87 (±16.00)

DPMT framework led to a higher success rate in serving
soups, a lower obstruction rate, and a lower incidence of dish
fires by accurately predicting human partners’ mental char-
acteristics, such as domain intentions. In contrast, the lack
of ToM reasoning in DPMT w/o MsToM often resulted in
ineffective collaboration, including redundant actions, route
blockages, overcooked dishes, and frequent task repetition,
ultimately incurring performance penalties.

Figure 6: Score results of ablation experiments for different
mental characteristics in human experiment 1. The black line
denotes the standard deviation.

Additionally, compared to the HLAgent baseline, our
method achieved superior and more stable performance, par-
ticularly on complex maps such as Bottleneck. The Bottle-
neck map has a more complex structure with a narrow pas-
sage, resulting in a higher blockage rate. This highlights the
critical role of accurate ToM reasoning in achieving efficient
human-AI collaboration. Furthermore, substituting the GPT-
4o API with Qwen-72B as the base model for mental charac-
teristic reasoning resulted in slight improvements in collabo-
ration performance on the Quick map. This enhancement is
likely attributed to minor fluctuations in real-time experimen-
tal results caused by latency.

Ablation Results. We conducted ablation experiments to
analyze the effectiveness of our DPMT method further. As
shown in Figure 6, we compared the complete DPMT method
with its ablated versions, where specific mental characteristic
reasoning stages (w/o knowledge, w/o style, and w/o inten-
tion) were removed. Our method consistently outperformed
the ablated versions across all maps (Ring, Quick, and Bot-
tleneck), especially on more complex maps, where effective
ToM reasoning plays a crucial role in coordination. For exam-
ple, removing the intention reasoning layer led to a significant
performance drop on the Quick map, while omitting the style
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layer caused notable declines on the Bottleneck map. These
results indicate the importance of each ToM characteristic and
demonstrate the necessity of hierarchical ToM modeling for
effective partner reasoning and improved collaboration.

1 Game Ability

• “Can the AI agent efficiently utilize time to complete as many effective tasks as possible based on the 

order situation?"

2 Human-AI Collaboration Fluidity

• “Can the AI agent accurately perceive the current order requirements and your actions, adapt its own 

actions accordingly, and collaborate efficiently with you avoiding redundant work?"

3 Theory of mind (ToM) Ability

• “To what extent do you feel that your AI agent understands your intentions? Can the AI agent effectively 

avoid conflicts with your operations, such as not taking over kitchen equipment, interrupting, or 

obstructing your actions?"

• "Do you feel comfortable collaborating with the AI agent? Can it adapt to your movement habits and 

coordinate effectively to minimize idleness or delays, accelerating order completion? Can it adjust its 

path to avoid congestion in narrow passages by observing your movement?”

• Do you trust the AI agent? Can it adapt its behavior to align with the common goal in high-pressure or 

emergency situations (e.g., time shortages or fire)?

• ......

Questionnaire for Subjective Judgment in Human Experiment 2

Figure 7: Our proposed questionnaire for subjective judgment
metric with 5-point Likert scales was used in our human ex-
periment 2. The questionnaire includes three parts: game
ability, human-AI collaboration fluidity, and ToM ability.
Different questionnaires were designed for different maps.

Human Experiment 2: Collaborating with Human
Partners with Diverse Strategies
Experiment Setup. An ideal AI agent should not only co-
operate seamlessly with fixed-strategy human players but also
collaborate efficiently with unseen human partners who em-
ploy diverse strategies. To further analyze the effectiveness
and the human preference of our proposed DPMT frame-
work, we conducted additional behavioral experiments for
human studies. These experiments were performed across
three maps with 30 participants (26 male, 4 female, ages
20–50). As shown in Figure 7, we designed a 5-point Lik-
ert scale questionnaire for each map, consisting of several
questions (Hoffman, 2019; S. Zhang et al., 2024). This ex-
periment followed a within-subject design, where each par-
ticipant collaborated with both the DPMT and three baseline
agents (A-D). To ensure fairness and validity, we randomized
the order of partner agents (’ABCD’ or ’DBCA’) for each
participant. Additionally, to evaluate the AI agent’s perfor-
mance more effectively, we extended the game duration to 90
seconds, longer than in previous human experiment 1.

All participants were required to review the informed con-
sent form and game rules before starting. To familiarize
themselves with the task environment and rules, they first
collaborated with rule-based agents across three maps. After
completing the collaboration task on each map, they filled out
a corresponding questionnaire, rating different agents based
on their level of agreement with each statement.

Results. In our collaboration experiments with diverse hu-
man participants, we evaluated performance using two key
metrics: average collaboration scores within a fixed time limit
and subjective judgments from the participants. As shown in

Figure 8: Average collaboration score comparison between
baseline methods and our proposed DPMT when paired with
diverse participants in the human experiment 2.

Figure 8, our DPMT method consistently outperformed base-
line methods across all three maps, exhibiting a result trend
similar to the main result of human experiment 1, demonstrat-
ing its ability to adapt to both specific strategies and diverse
unseen human collaborators. For the subjective judgment
scores, we computed the average scores based on our pro-
posed questionnaire, with a maximum score of 5, as shown
in Table 2. Notably, our method achieved higher subjective
scores, further highlighting its superior ToM reasoning capa-
bility for effective partner modeling.

Table 2: The average subjective judgment when paired with
diverse unseen participants in human experiment 2 ranges
from 0 to 5. Standard deviations are shown in parentheses.

Methods Ring Bottleneck Quick
Our DPMT 4.07 (±0.53) 4.02 (±0.45) 4.02 (±0.61)

Our DPMT w Qwen 3.51 (±0.58) 3.73 (±0.47) 3.89 (±0.68)
Our DPMT w/o MsToM 2.20 (±0.70) 2.16 (±0.67) 2.04 (±0.60)

HLAgent 3.09 (±0.30) 2.78 (±0.59) 3.22 (±0.69)

Conclusion

Drawing inspiration from the dual process theory, we in-
troduce a cognitive dual process multi-scale ToM (DPMT)
framework, which simulates both the fast system for quick
decision-making and the slow system for ToM reasoning. The
slow system in DPMT employs a three-stage ToM reasoning
process—partner domain knowledge, cognitive style, and do-
main intention—to improve the interpretability and general-
ization of partner ToM modeling. Additionally, it integrates
a structured corpus of mental characteristics and a memory
module that stores partner trajectories and ToM reasoning
predictions. Our DPMT outperforms baseline methods in
human-AI collaboration experiments, demonstrating superior
adaptability and ToM ability. Ablation studies further vali-
date the contribution of different reasoning stages. Notably,
our method achieves significantly stronger results on com-
plex maps, highlighting its potential for tackling more intri-
cate human-AI collaborative tasks.
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