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Abstract

Theory of Mind (ToM) refers to the ability to reason about
others’ mental states, and higher-order ToM involves con-
sidering that others also possess their own ToM. Equipping
large language model (LLM)-driven agents with ToM has
long been considered to improve their coordination in multi-
agent collaborative tasks. However, we find that misaligned
ToM orders—mismatches in the depth of ToM reasoning be-
tween agents—can lead to insufficient or excessive reasoning
about others, thereby impairing their coordination. To address
this issue, we design an adaptive ToM (A-ToM) agent, which
can align in ToM orders with its partner. Based on prior in-
teractions, the agent estimates the partner’s likely ToM order
and leverages this estimation to predict the partner’s action,
thereby facilitating behavioral coordination. We conduct em-
pirical evaluations on four multi-agent coordination tasks: a
repeated matrix game, two grid navigation tasks and an Over-
cooked task. The results validate our findings on ToM align-
ment and demonstrate the effectiveness of our A-ToM agent.
Furthermore, we discuss the generalizability of our A-ToM to
non-LLM-based agents, as well as what would diminish the
importance of ToM alignment.

Code —
https://github.com/ChunjiangMonkey/Adaptive- ToM

1. Introduction

Multi-agent coordination involves the precise alignment of
actions among multiple agents to enable effective joint be-
havior, and is widely applied in areas such as autonomous
driving (Zhang et al. 2024b), swarm robotics (Kegeleirs and
Birattari 2025), and distributed control (Ge et al. 2025). A
key challenge in this area is zero-shot coordination, where
agents need to coordinate with previously unseen partners
without prior joint training or communication (Hu et al.
2020). Large language models (LLMs) have been widely
used to construct zero-shot coordination agents, as they pos-
sess strong decision-making and generalization capabilities,
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and can be deployed without task-specific training (Agashe
et al. 2023; Zhang et al. 2024a; Liu et al. 2024).

Effective coordination with unseen partners requires the
ability to model and anticipate their behavior. Recent re-
search has incorporated explicit Theory of Mind (ToM) into
the architecture of LLM-based agents, enabling them to
model others by reasoning about others’ beliefs, desires, and
intentions (Li et al. 2023a; Agashe et al. 2023). ToM-based
workflow designs and prompting techniques have demon-
strated clear effectiveness and become an important compo-
nent in the design of agents in multi-agent problems. More
generally, since other agents may also possess ToM capabil-
ities, it is necessary to equip LLM-based agents with higher-
order ToM to reason about others’ reasoning (e.g., “I be-
lieve that you believe...”) (de Weerd, Verbrugge, and Ver-
heij 2014; Wellman 2018). However, it has been found that
higher ToM orders do not necessarily improve performance,
in either cooperative or competitive multi-agent tasks (Li
et al. 2023a; Shao et al. 2024; Zhang et al. 2025). Prior
work empirically attributes the performance drop either to
the limited ability of LLMs to perform higher-order ToM
reasoning, or to over-reasoning introduced by higher-order
ToM itself.

In this paper, we highlight a deeper underlying cause for
the performance drop observed between agents with ToM—
the misalignment of their ToM orders. According to the
definition of the ToM order, an agent with kth-order ToM
aligns best with agents of (k—1)-th or (k+1)-th order; oth-
erwise, the mismatch may lead to either insufficient or ex-
cessive reasoning. For instance, consider two cars driving
toward each other on a narrow road. If both drivers attempt
to avoid a collision by swerving to the same side, an accident
can still occur. This is a typical case where the misalignment
of ToM (both 1st-order ToMs in this case) leads to serious
consequences. We find that such misalignment has a signifi-
cant impact on coordination between LLM-based agents by
experiments.

To address this issue, we propose the first adaptive ToM
agent (A-ToM) driven by LLMs, which estimates its part-
ner’s ToM order in real time and selects actions that struc-
turally align with it. The A-ToM agent consists of multi-
ple hypothetical agents, each representing a order of ToM.



During real-time interactions, the A-ToM agent selects
one of candidate actions—generated by these hypothetical
agents—as its prediction of the partner’s action. This selec-
tion is guided by the historical prediction accuracies of the
hypothetical agents.

We model this process as an Expert Advice problem
(Cesa-Bianchi et al. 1997), and we solve it using online
learning algorithms that have theoretical performance guar-
antees. Finally, our A-ToM agents selects actions from the
available action set that can coordinate with the prediction
action to interact with the actual partner. Through experi-
ments on a repeated matrix game, two grid world naviga-
tion tasks and an Overcooked task, we validate our A-ToM
agent can robustly coordinate with different types of part-
ners. Overall, our contributions are as follows:

* We identify alignment in ToM orders between agents as
a critical factor for achieving successful coordination.

* We develop an A-ToM agent for zero-shot coordination
which can align with the partner’s ToM order in real time.

* We validated the correctness of our findings and the ef-
fectiveness of our A-ToM agent across multiple coordi-
nation tasks. Furthermore, we analyze the generalization
of our findings and A-ToM agent.

2. Related Work

Large Language Model-Based Agent. Equipped with
various modules such as perception, memory, and controller,
LLM-based agents have proven successful in addressing dif-
ficult tasks across multiple domains, such as robotic control
(Brohan et al. 2023; Wu et al. 2023), industrial automation
(Xia et al. 2023), GUI operation (Gur et al. 2024; Yan et al.
2023), and playing open-world games (Wang et al. 2023a,b).
Moreover, multiple LLM-based agents can collaborate to ac-
complish large-scale task like software development (Hong
et al. 2023; Qian et al. 2024) and social simulation (Park
et al. 2023). The above work demonstrates that LL.M-based
agents can make reliable decisions in both single-agent and
multi-agent tasks. Therefore, we leverage the LLM-based
agent as a rational decision-maker to investigate the impact
of ToM alignment between rational collaborators. In addi-
tion, due to their promising generalization ability, using of
LLM-based agents eliminates the need to design decision
rules or train agents from scratch for each task.

Enhancing Multi-Agent Collaboration Through Theory
of Mind. ToM is the capacity of human to reason about
the beliefs, desires, and intentions of others, which is cru-
cial in human social interactions. In multi-agent collabora-
tion, explicitly equipping Al agents—including LLM-based
agents—with ToM enables them to infer others’ hidden
states and predict their behavior, thereby enhancing com-
munication efficiency between agents (Wang et al. 2022;
Zhu, Neubig, and Bisk 2021; Li et al. 2023a), overcoming
challenges of partial observability in the environment (Fuchs
et al. 2021; Cross et al. 2024), and improving coordination
among agents (Wu et al. 2021; Agashe et al. 2023; Zhang
et al. 2024a). However, some studies have shown that equip-
ping agents with higher-order ToM does not always lead
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to the expected improvements (Li et al. 2023a; Shao et al.
2024). In this paper, we investigate the critical role of ToM
reasoning depth alignment in facilitating collaboration be-
tween LLM-based agents. Our work is primarily inspired by
prior research on inferring others’ ToM (Yoshida, Dolan, and
Friston 2008; De Weerd, Verbrugge, and Verheij 2013) and
dynamically matching partners for agents with specific ToM
orders (Shao et al. 2024).

3. Method
3.1 Problem Formulation

We consider a fully cooperative decision-making problem
involving two agents within a given Markovian environ-
ment, where the actions of agents require coordination to
achieve an optimal outcome. The environment can be for-
malized as a tuple M (S, A1, A2, T, R,7). S is the
shared state space. .A; and A5 are the action spaces of the
two agents. T : S X A; x Ay — A(S) is the transition func-
tion. R : S x A; x Ay — Ris a shared reward function that
ensures that both agents receive the same reward. v € [0, 1)
is the discount factor. Denote the policies of two agents by
m S — A(A;r) and w3 : S — A(Az). The joint policy of
two agents is denoted as m = (71, 2).

Although LLM-based agents do not require a reward
function for training, we still use the discounted expected
return (i.e., the value function) to define the rationality of
LLM-based agents. At each step, two rational LLM-based
agents aim to select the joint actions a* = (af,a}) that
maximize their joint value function:

f= 7S, a), 1
A= e, On () o
where
Qn(s,a) =Er | > 2 R(s,ar) | s =s, ag = a} )
=0

In some states, there are multiple optimal joint actions sat-
isfying a*! = a*? - = max Q(s,a). Two agents
must coordinate to agree on the same optimal joint action.
However, it can be particularly challenging in the absence
of communication or prior agreement (Boutilier 1999).

3.2. ToM Modeling

The order of ToM is the depth of recursive reasoning an
agent uses to model its partner’s behavior. For convenience,
we refer to an agent with k-th order ToM as a ToM-k agent.
We now define the decision-making process of an agent ¢
with different orders of ToM reasoning as follows. without
loss of generality, we assume ¢ = 2.

ToM-0 agent. A ToM-0 agent treats its partner as part of
the environment state. Its decision depends solely on the en-
vironment state:
W(O)(s) = ar
i = arg max Qr(s,a).
a€A;

3



ToM-1 agent. A ToM-1 agent assumes that its partner j is

a ToM-0 agent. Its first-order belief bgl) is partner j’s pre-
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ToM-2 agent. Similar to a ToM-1 agent, a ToM-2 agent

first infers the partner’s action a?™ as its second-order be-
lief. Differently, the ToM-2 agent thinks that its partner j is

a ToM-1 agent and agent j thinks agent ¢ is a ToM-0 agent:
pred _ (6)

(2) . pred
b, ==a; ", wherea;

1 1
i (s,0(0).

Here, bgl) can be computed in the same manner as in eq. (3),

eq. (4) and eq. (5). The subscript j in bg.l) indicates that this
belief corresponds to agent ¢’s prediction—made from agent
J’s perspective—about the action agent ¢ will take. Then, the
ToM-2 agent’s policy is to take an action that best responds

to b

22

pred
B a

arg max Qr(s, a;

(s, %

,a).

ToM-k agent. More generally, the policy of a ToM-k
agent (k > 0) is defined recursively as:

d
,  where o™ =

(k) . pred
b,” = a; 7

D (s, D). (®)

pred
S, aj

7 (5,07) = ©)

,a).

= arg max Qn(
In this work, we focus to k& < 2, since higher-order ToM
imposes significant cognitive burdens and empirical studies
suggest that humans typically reason about others only up to
the second-order ToM (Camerer, Ho, and Chong 2004; De-
vaine, Hollard, and Daunizeau 2014). The recursive struc-
ture of ToM reasoning implies that a ToM-k agent assumes
its partner to be a ToM-(k—1) agent. Naturally, such agents
are more likely to coordinate successfully when interacting
with ToM-(k—1) or ToM-(k+1) partners. We refer to this
compatibility as aligned ToM orders. Based on this insight,
we argue that agents should focus on understanding how
their partner thinks, rather than just reacting to what their
partner does. Adapting to the partner’s ToM order is a more
effective way to achieve coordination.

3.3. ToM Alignning

We now introduce our adaptive ToM agent (A-ToM agent)
that can dynamically estimate the ToM order of the partner
during the interaction. Specifically, we formulate the ToM
order alignment problem as an online expert advice prob-
lem, where each ToM-k policy 7T](-k)
(Cesa-Bianchi et al. 1997).

is treated as an expert

29610

ToM-0 Agent
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Figure 1: Illustration of ToM reasoning of different orders.

The A-ToM agent maintains a set of hypothetical agents

with distinct ToM order [7r§k)] ke{0,1,2} along with their cor-
responding cumulative losses (or weights). The agent con-
tinuously updates these weights based on interaction out-
comes to better estimate the true ToM order of partner j. The
update process is as follows: 1) using hypothetical agent to

generate a set of candidate actions [dg-k)] ke{o,1,2}5 2) select-
ing one candidate action as the predicted partner action a;,
based on corresponding hypothetical agents’ historical pre-
diction accuracies; 3) selecting a response action coordinat-
ing with the predicted partner action; and (4) observing the
actual partner action and updating the prediction accuracy of
each hypothetical agent.

The online learning mechanisms for Steps 2) and 4) are
determined by the specific expert advice algorithm. In this
work, we consider two such algorithms: Follow-the-Leader
(FTL) (Kalai and Vempala 2005) and Hedge (Freund and
Schapire 1997), which are shown in detail in algorithm 1
and algorithm 2, respectively. FTL achieves a regret bound
of O(log T') in stable settings, making it suitable for coordi-
nation with partners of fixed ToM orders. Hedge, in contrast,
maintains a soft expert weight distribution over ToM orders,
enabling it to handle uncertainty and adapt to non-stationary
behavior with a worst-case regret bound of O(y/T log N).
Here, T' denotes the total number of executions of the algo-
rithm and N is the number of experts. In this work, N = 3
for we consider three ToM orders.

Conceptually, our ToM alignment framework transforms
the original coordination problem in the policy space into
a alignment problem in ToM-order space, thereby reducing
the dimensionality and structural complexity of coordina-
tion. From a perspective of learning, our method leverages
the reasoning capabilities of LLMs by assigning them learn-
ing tasks at an abstraction order that aligns naturally with
their strengths, rather than burdening them with low-level,
fine-grained details.

3.4. LLM-Based Agent Implementation

We use LLMs to construct agents with fixed ToM orders
and the A-ToM agent. Each LLM-based agent consists of
four modules: a state encoding module, a ToM module, a
decision module, and an action controller. The state encod-
ing module converts the structured environment state into a
natural language description. The ToM module predicts the
partner’s action, where we recursively construct hypotheti-
cal agents with different ToM orders. For a ToM-k agent,
the ToM module infers the partner’s behavior by invoking a



Algorithm 1: ToM Alignment via Follow-the-Leader (FTL)

Algorithm 2: ToM Alignment via Hedge

1: Input: The environment M, ego agent 7;, candidate
ToM orders K = {0, 1,2}, hypothetical ToM agents

{Wj('k)}kEIC

2: Initialize cumulative loss L(*) « 0 for all k € K
3: Initialize t < 1
4: while M is not terminated do
5:  Observe current state s
6: for %zg)ch k E(kI)C do *
7: dj 7 (s, bj )
8: end for .
9: k< argmingex L*), a?red — dg.k)
10:  Acting: af < m;(s, ag-red)
11: t+—t+1
12:  Observing true partner’s action az._l
13:  for eac’? k e K do
14; if " # o'~ then
15: Update loss: L% « L) 41
16: end if
17:  end for

18: end while

ToM-(k—1) hypothetical agent. For our A-ToM agent, the
ToM module includes three hypothetical agents: a ToM-0
agent, a ToM-1 agent, and a ToM-2 agent. The decision
module takes as input both the state description and the pre-
dicted partner action from the ToM module, and outputs the
agent’s action. The action controller converts natural lan-
guage actions produced by the LLM into executable actions
in the environments. In summary, we follow the two-stage
design of LLM-based agents with ToM: first, the LLM pre-
dicts the partner’s behavior; then, this predicted behavior is
incorporated into the LLM’s input to inform action selection
(Agashe et al. 2023; Zhang et al. 2024a). Given that state-
of-the-art LLMs already provide sufficiently reliable output
quality for most planning tasks, we do not introduce any
additional output verification component in practice, which
also helps reduce inference latency and system complexity.

4. Experimental Setup
4.1. Task Setup

We conduct empirical evaluations in three fully coopera-
tive environments with different structures: a repeated ma-
trix game, two grid world navigation tasks, and an Over-
cooked scenario.

Repeated Matrix Game. In each round, two agents se-
lect simultaneously between two options A and B without
communication or prior agreement. If both agents select the
same option (A-A or B-B), they each receive 0 points; if
they select different options (A-B or B-A), they each re-
ceive 5 points. Therefore, agents must consistently break the
symmetry in order to achieve stable coordination and maxi-
mize collective reward. We consider two settings: Memory-
1 and Memory-N. In the Memory-1 setting, each agent can
observe the partner’s action in the previous round. In the

1: Input: The environment M, ego agent 7;, candidate
ToM orders K = {0, 1,2}, hypothetical ToM agents

{ﬂ'](-k)}kelc, learning rate p = 1

2: Initialize expert weight w(*) < 1 forall k € K
3: Initialize t < 1
4: while M is not terminated do
5. Observe current state s
6: foreachk € K do
7: Normalize expert weight: P(*) %
Diklex W
B Al e (s,b®)
9:  end for .
100k~ P® o gk
11:  Acting: af < m;(s, a?red)
122 t+t+1
13:  Observing true partner’s action az-_l
14:  for ea(c]?) ke Kdo
15: ifa;” # a! then
16: k) 1
17: else
18: (k) 0
19: end if
20: Update expert weight: w(®) « w(*).exp(—n-£F))
21:  end for

22: end while

1
o [0

(a) Game 1

(b) Game 2

(c) Overcooked

Figure 2: Illustrative diagrams of two grid world navigation
tasks and the Overcooked layout.

Memory-N setting, each agent has access to the cumulative
counts of how many times the partner has chosen each op-
tion.

Grid World Navigation (Kleiman-Weiner et al. 2016).
Two agents are each assigned a distinct color and a corre-
sponding target location. The goal is for both agents to reach
their own target locations. At each step, both agents simul-
taneously move in one of four directions: up, down, left, and
right. Agents cannot move outside the grid, enter the other
agent’s goal, occupy the same position, or swap positions
within a single step. An episode ends once both agents have
successfully reached their goals. We employ two grid world
navigation tasks: Game 1 (fig. 2a) and Game 2 (fig. 2b). In
Game 1, agents must coordinate over their trajectories to
avoid blocking each other, while Game 2’s narrower lay-
out requires one agent to temporarily move away from its
own goal to make room for the partner, making coordination



Alignment  Agent Profile Memory-1 Memory-N Game 1 Game 2 Overcooked
Point 1 Point 1 Time | Time | Time |
ToM-0 vs ToM-0  0.00 (0.00)  11.67 (20.69)  30.00 (0.00)  30.00 (0.00)  100.00 (0.00)
ToM-0 vs ToM-2  0.00 (0.00)  16.00 (26.47) 28.17 (5.64) 30.00 (0.00) 94.97 (13.59)
Misaligned ToM-1 vs ToM-1  0.00 (0.00) 0.00 (0.00) 23.37(9.38) 30.00 (0.00) 96.40 (8.89)
ToM-2 vs ToM-0  0.00 (0.00)  22.00 (27.72)  30.00 (0.00) 29.93 (0.37)  99.13 (2.94)
ToM-2 vs ToM-2  0.00 (0.00)  12.33(23.59) 29.67 (1.37) 30.00 (0.00) 83.50 (22.03)
ToM-0 vs ToM-1  75.00 (0.00)  75.00 (0.00) 6.00 (0.00) 8.13 (1.63) 44.17 (3.74)
Aligned ToM-1 vs ToM-0  75.00 (0.00)  75.00 (0.00) 6.03 (0.18) 7.07 (0.37) 43.83 (4.50)
ToM-1 vs ToM-2  75.00 (0.00)  75.00 (0.00) 6.10 (0.66) 7.10 (0.40)  48.90 (12.27)
ToM-2 vs ToM-1  75.00 (0.00)  75.00 (0.00) 5.93 (0.37) 7.93(1.36) 51.00 (12.88)

Table 1: Average coordination performance between two agents with fixed ToM orders across five task settings. Different
orderings of the same agent profile (e.g., ToM-0 vs ToM-2 and ToM-2 vs ToM-0) indicate the cases where the two agents take
the roles of Player 1 and Player 2, respectively. For repeated matrix games (Memory-1 and Memory-N), we employ the Point
obtained by the agent from the game (ranging from 0 to 75) as the metric. A higher point value indicates better performance.
For grid world navigation tasks (Game 1 and Game 2) and Overcooked, we employ the completion Time (ranging from 0 to 30
for two grid world navigation task, and 0 to 100 for Overcooked) as the metric. For the failed samples, their completion times
are setting to the maximum step limit. A lower completion time value indicates better performance. The values in parentheses

indicate the variance.

more challenging.

Overcooked (Carroll et al. 2019). In this scenario
(fig. 2c), two agents need to collaborate to cook and deliver
onion soup. Each agent can move up, down, left, and right
within the layout and interact with permissible kitchen fa-
cilities, icluding one pot, one delivery area, two onion dis-
pensers, two plate dispensers, and four kitchen counters. The
pot automatically cooks three onions into soup over 20 time
steps. So agents need to place enough onions into the pot
and be ready to plate and deliver the soup once it is cooked.
The layout we employ is adapted from the original Cramped
Room in Overcooked-Al, with the key difference that all
kitchen facilities in our layout are placed in a fully sym-
metric configuration. This symmetry imposes a greater chal-
lenge on the agents’ coordination.

4.2. Agent Setup

In the repeated matrix game, under the memory-1 setting,
the state s is the partner’s action in the previous round; un-
der the memory-N setting, the state is the counts of the part-
ner’s two choices over the past N rounds. Since agents tend
to maintain coordination indefinitely once it is achieved in
the repeated matrix game, we initialize each episode in an
uncoordinated state to eliminate the roughly 50% coordina-
tion success rate that would otherwise result from random
initial actions. In two grid world navigation task, the state
is the positions of both players. In the Overcooked task, the
state includes the positions of both players, the items they
are holding, as well as the statuses of the pot and kitchen
counters. At each timestep, we provide the agent with the
available action space from which it selects an action.

The repeated matrix game runs for 15 steps. While two
grid world navigation tasks and Overcooked tasks have max-
imum step limits of 30 and 100, respectively. Tasks not com-
pleted within these limits are treated as failures. All experi-
ments use LLaMA-3.3-70B-Instruct as the underlying LLM
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with temperature = 0.1. All random seeds are set to 42. Each
configuration is repeated independently 30 times, and we re-
port the averaged results.

S. Result
5.1. Effect of ToM Misalignment

Table 1 presents the effects of ToM misalignment on coor-
dination performance across different tasks and evaluation
metrics. Overall, across all tasks, coordination is most suc-
cessful when the agent’s ToM order is aligned with that of
the partner. In repeated matrix games, we observe that un-
der the Memory-1 setting, only certain aligned pairs achieve
high points. The reason lies in overthinking caused by mis-
aligned ToM orders. For example, when two ToM-1 agents
play, each assumes that the other will change their choice
due to a coordination failure in the previous step. As a result,
they neither updates their own choice, leading to repeated
failures. Under the Memory-N setting, the coordination pat-
tern becomes more widespread, and misaligned pairs also
exhibit some success. Except for ToM-1 agents in self-play,
coordination failures often appear as both agents repeatedly
alternating between the same two options. Over time, this
back-and-forth causes both actions to occur in memory with
similar frequency. Eventually, the randomness in the choice
of LLM-based agent may result in occasional successful co-
ordination.

Interestingly, we can observe that the results on the
two grid world navigation tasks (especially Game 2) more
closely resemble those under the Memory-1 setting in the
repeated matrix game, whereas the results on Overcooked
are more similar to those under the Memory-N setting. This
discrepancy may be attributed to Overcooked’s larger action
space and the reduced decision optimality resulting from its
higher difficulty. We will discuss this point in more detail
later. Nevertheless, all this result supports our core hypothe-
sis: in cooperative settings, alignment of ToM orders signif-



Algorithm  Agent Profile Memory-1 Memory-N Game 1 Game 2 Overcooked
Point 1 Point 1 Time | Time | Time |
A-ToM vs ToM-0  75.00 (0.00)  75.00 (0.00)  6.03 (0.18)  7.00 (0.00) 45.33 (11.62)
ToM-0 vs A-ToM  75.00 (0.00)  75.00 (0.00)  5.87 (0.51) 7.63(1.19)  43.53 (4.51)
FTL A-ToM vs ToM-1 70.00 (0.00)  70.00 (0.00)  7.80(0.81)  10.53 (2.01) 52.17 (10.19)
ToM-1 vs A-ToM  70.00 (0.00) 70.00 (0.00)  7.70(0.88)  9.30(0.88)  51.83 (10.04)
A-ToM vs ToM-2  75.00 (0.00)  75.00 (0.00)  6.03(0.67)  7.17(0.53)  45.30(5.52)
ToM-2 vs A-ToM  75.00 (0.00)  75.00 (0.00)  6.00 (0.00) 8.60 (2.18)  47.67 (6.23)
A-ToM vs A-ToM  0.00 (0.00) 0.00 (0.00) 20.90 (9.03) 27.23(5.93) 51.17(7.36)
A-ToM vs ToM-0  72.83(3.39)  72.50(3.88)  6.00 (0.00) 8.07 (0.25)  47.47 (9.13)
Hedge ToM-0 vs A-ToM  73.33 (3.56) 73.00 (3.37)  6.00(0.00)  9.40(2.13)  46.60 (6.69)
A-ToM vs ToM-1 70.00 (4.73)  70.17 (4.82)  7.87(0.51) 10.07 (1.55) 57.60 (10.22)
ToM-1 vs A-ToM  70.00 (4.55) 70.33 (4.72) 8.23(1.98) 10.00(2.20)  53.17(7.49)
A-ToM vs ToM-2  73.00 (3.11) 72.50 (4.10)  6.27 (0.74) 8.17(0.46)  46.00 (5.79)
ToM-2 vs A-ToM  72.83(2.84)  72.33(3.65)  6.03(0.18) 9.47(1.74)  47.80(6.91)
A-ToM vs A-ToM  68.17 (10.13)  64.33 (10.81)  7.60 (2.27) 8.57 (2.80) 50.53 (7.65)

Table 2: Average coordination performance of our A-ToM agent across five task settings. The meaning and calculation of the

metrics are the same as in Table 1.

icantly enhances coordination performance, and this effect
generalizes across different types of tasks.

ToM-0 partner

1.0 1.0 1.0
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9 0.5 0.51 OIS-K\W
0.01, ‘ ‘ 0.0-;‘—‘ 0.01, ‘ :
1 25 49 1 25 49 1 25 49
ToM-1 partner
1.0 1.04 1.09
Ke)
205 0.51 0.51
Y | S
0.01, ‘ 1 0.04, ‘ 1 0.01, . :
1 25 49 1 25 49 1 25 49
p p) p2)
step

Figure 3: The evolution of the normalized expert weights of
the A-ToM (Hedge) agents when collaborating with ToM-0
and ToM-1 partners.

5.2. Performance of A-ToM Agent

Table 2 shows the coordination performance of adaptive
agents in all tasks different interacting with fixed-ToM-order
partners. Overall, for all partners with fixed ToM orders,
both FTL and Hedge A-ToM agent show strong perfor-
mance, as if they were the agents with ToM orders aligned
to that of the partners. Nevertheless, in coordination with
partners of fixed ToM orders, FTL exhibits a slight per-
formance advantage over Hedge, likely due to its ability
to more rapidly identify and adapt to the partner’s ToM
characteristics. In self-play between two A-ToM agents,
however, Hedge A-ToM agent demonstrates significantly
stronger adaptability than FTL, especially in repeated matrix
games and two grid world navigation tasks. This is because
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the Hedge algorithm has a greater capacity for exploration,
making it easier to align with a changing partner in terms of
ToM order. In summary, the results of the two A-ToM agents
are consistent with the characteristics of the respective on-
line learning algorithms they employ, and the failure of FTL
self-play highlights the importance of achieving coordina-
tion in terms of ToM order.

- Ex

ToM-0
Partner

A

! [0.42, 0.16, 0.42] [0.47, 0.06, 0.47]
[0.33,0.33, 0.33]N - :(> -
ToM-1
Partner
[0.21, 0.58, 0.21] [0.11, 0.78, 0.11]
step 4 step 5 step 6

Figure 4: Snapshots of the game state of Overcooked at step
4, 5, and 6 when the A-ToM (Hedge) collaborating with
ToM-0 and ToM-1 partners. The values below the snapshot
are normalized expert weights of A-ToM agents (Hedge),
which are marked with star symbols in fig. 3.

5.3. Case Study

How does our A-ToM agent work in detail? We present
two cases from our experiments, where the Hedge A-ToM
agent plays with a ToM-0 agent and a ToM-1 agent in Over-
cooked. Figure 3 shows how A-ToM agents’s normalized ex-
pert weights (P(?), P P()) evolves. We observe that as
the game progresses, the A-ToM agent gradually identifies
the partner’s ToM order correctly. To better understand what
drives the adjustment, we analyze the first update of normal-
ized expert weights in both cases—both of which occur at



step 5. We present snapshots of the game state at steps 4, 5,
and 6 in Figure 4, and highlight these steps in Figure 3. Up
to step 4, two agents’ actions do not require coordination, so
the A-ToM agents cannot yet infer the partner’s ToM order
at that stage. However, at step 5, when both agents attempt
to approach the pot, the actions differ between the ToM-0
agent and the ToM-1 agent. The ToM-0 agent does not take
the A-ToM agent’s action into account, resulting in a conflict
with the A-ToM agent as they both try to occupy the same
position. In contrast, the ToM-1 agent infers that the A-ToM
agent intends to move west and thus select to stay. Based
on this observation, the A-ToM agents update their expert
weights at the end of this step. The updated expert weights
then influence its behavior in step 6: the A-ToM agent paired
with the ToM-0 agent yields to avoid conflict; the A-ToM
agent paired with the ToM-1 agent prepares to place the in-
gredient into the pot in order to complete the task as quickly
as possible. The two cases above also help illustrate how
misaligned ToM orders can lead to coordination failures.

6. Generalization Analysis
6.1. Play with Non-LL.M-Based Agents

We now examine how the A-ToM agent collaborates
with non-LLM-based partners. Using Overcooked as
a case study, we consider two baseline agents: (1)
Greedy, a planning-based agent implemented in the official
Overcooked-ai library (Carroll et al. 2019), and (2) PBT, a
widely used standard MARL agent baseline in the Over-
cooked environment (Jaderberg et al. 2017; Carroll et al.
2019; Li et al. 2023b). As shown in table 3, our A-ToM agent
demonstrates the strongest generalization performance. No-
tably, the A-ToM agent tends to interpret the greedy agent
and the PBT agent as ToM-0 agents in most cases, and as
ToM-2 agents in a minority of cases. Specifically, the aver-
age normalized expert weights are as follows: FTL on the
greedy agent—I[0.93, 0.01, 0.05], FTL on the PBT agent—
[0.80, 0.05, 0.16], Hedge on the greedy agent—[0.75, 0.08,
0.18], and Hedge on the PBT agent—[0.55, 0.09, 0.36].
Given that ToM-0 and ToM-2 agents may sometimes pro-
duce identical decisions, and considering the inherent ran-
domness in behavior, we find that from the perspective of
an A-ToM agent, the planning or RL agent does not exhibit
genuine ToM capabilities.

Agent Type M
Time |
ToM-0 64.60 (26.62)
ToM-1 55.97 (19.80)
ToM-2 60.41 (23.70)
Greedy 54.06 (22.47)
PBT 49.09 (17.63)
A-ToM agent (FTL) 48.05 (10.44)

A-ToM agent (Hedge) 49.16 (10.83)

Table 3: Average coordination performance of different
types of agents under cross-play settings in Overcooked. The
values in parentheses indicate the variance.
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6.2. When ToM Alignment May Not Matter

In this paper, we highlight the importance of ToM alignment
for effective coordination. However, several factors may in-
fluence this importance. As demonstrated in our earlier ex-
periments, potential factors include the size of the task’s op-
timal action space and the rationality of the agents. To vali-
date these factors, we evaluate agents with different ToM or-
ders in a 3-action repeated matrix game, where each agent’s
action space consists of three actions: A, B, and C. The re-
ward rule remains the same: both players receive 5 points
only when they choose different actions. What differs is that
for each action taken by the partner, there are now two ac-
tions that can successfully coordinate with it. In addition, we
set the LLM’s temperature to 0.9 to make its decisions less
rational and its outputs more diverse.

Table 4 presents the results: compared to the results in Ta-
ble 1, the scores between ToM-misaligned agents is higher,
while the scores between ToM-aligned agents is lower. This
offers preliminary evidence for our method’s applicability:
the clearer the optimal action space and the more rational
the agents, the greater the ToM misalignment failures—and
the more effective our approach.

Alignment  Agent Pair Memory-1 Memory-N
Point 1 Point 1

ToM-0 vs ToM-0  40.50 (29.08)  35.33 (33.50)
ToM-0 vs ToM-2  64.17 (12.94)  55.33 (29.39)

Misaligned ToM-1 vs ToM-1  54.33 (33.16)  50.50 (29.37)
ToM-2 vs ToM-0  66.00 (9.86)  63.33 (25.40)
ToM-2 vs ToM-2  58.83 (27.63)  50.33 (32.82)
ToM-0 vs ToM-1 ~ 73.50(2.98)  65.33 (20.59)

Aligned ToM-1 vs ToM-0  74.00 (2.42) 71.33 (6.56)
ToM-1 vs ToM-2  46.50 (32.65) 55.83 (24.36)
ToM-2 vs ToM-1  61.00 (26.31)  70.33 (5.40)

Table 4: Average coordination performance between two
agents with fixed ToM orders in 3-action repeated matrix
game. The values in parentheses indicate the variance.

7. Conclusion

In this paper, we report our key finding: equipping agents
with ToM does not necessarily improve coordination among
them—only aligned ToM reasoning leads to effective col-
laboration. To address this, we propose an adaptive ToM
agent (A-ToM agent), which frames ToM alignment as an
expert advice problem. A-ToM agent dynamically infers
the partner’s ToM order and adjusts its behavior accord-
ingly to achieve coordination. Conceptually, A-ToM agent
transforms behavioral coordination into alignment at the or-
der of ToM. Through experiments across multiple tasks, we
demonstrate both the validity of our finding and the effec-
tiveness of the proposed A-ToM agent architecture. Further-
more, we analyze the scenarios in which ToM alignment is
required the most. We hope that our work can offer valu-
able insights into promoting collaboration among today’s in-
creasingly capable agents.
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