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ABSTRACT

In multi-agent systems, building agents capable of seamlessly col-
laborating with unknown partners is a long-standing research goal.
Existing approaches primarily generate a diverse population of
partners and then train an agent against this population to mas-
ter various cooperation conventions. However, these approaches
are often hindered in two aspects: (1) They heavily rely on task-
specific training; (2) Their trained agents lack adaptability at test
time. In this paper, we investigate how to leverage Large Language
Models (LLMs) to build agents capable of foresighted coordina-
tion, addressing the challenges faced by existing work. To facilitate
structured reasoning mechanisms, we introduce DTPAgent, a novel
LLM-driven Decision-Time Planning (DTP) framework. Within this
framework, LLMs, without relying on task-specific training and
solely through in-context learning, estimate the partner policy and
the transition-reward function to model the full dynamics of the
environment. Based on these LLM-driven modelings, DTPAgent
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simulates a range of possible trajectories to dynamically search for
the most advantageous policy at each timestep. We demonstrate on
the popular benchmark, OVERCOOKED, that DTPAgent, built with
small-scale LLMs, effectively outperforms various types of base-
lines when faced with unseen partners. Our DTPAgent also exhibits
a scalable property that existing agents lack: the ability to translate
test-time computation into improved performance.
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1 INTRODUCTION

Developing cooperative agents is a long-standing research direction
in multi-agent systems, with numerous real-world applications
in domains such as robotics [28, 114], autonomous driving [69,
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119], and human-AI dialogue [35, 63]. Although many multi-agent
Reinforcement Learning (RL) algorithms are capable of deriving
performant cooperative policies through self-play [66, 80, 118], the
derived policies typically lack good generalization ability, as they
are unable to cooperate with policies unseen during training [16,
22, 36, 50]. Therefore, significant endeavours have been made to
develop agents that seamlessly cooperate with novel partners on
complex tasks [18, 21, 44, 55, 59, 60, 67, 83, 98, 99, 117, 127].

To enhance the generalization ability of agents, mainstream
approaches focus on generating a diverse population of policies
through Population-Based Training (PBT) [41, 42] and using vari-
ous policies within this population as partners to train an agent
capable of mastering multiple cooperative conventions [21, 67, 83,
93, 112, 117, 127]. Their motivation is that the more partners an
agent encounters during training, the more potential partners it
can collaborate with during testing.

However, existing approaches are typically hindered in two
aspects: (1) They heavily rely on task-specific training, which often
involves complex learning stages and meticulous design choices.
When the deployment environment undergoes any change, the
entire training process must be re-executed, making it impossi-
ble to guarantee efficiency and generalizability. (2) Their trained
agents lack adaptability at test time, whose generalization abilities
are primarily limited by the quality and diversity of the partners
encountered during training. Additionally, fine-tuning these agents
(through gradient updates) typically completely corrupts the origi-
nal policy, especially when only a very limited number of samples
can be collected at test time [27, 36, 44, 72].

Recently, Large Language Models (LLMs), pretrained on massive-
scale data and thereby possessing extensive common knowledge
and human priors [1, 64], have demonstrated outstanding abilities
in numerous domains such as long conversations [47, 74], reason-
ing [13, 32], and software engineering [26, 46, 122, 124]. LLM-based
agent architectures such as SayCan [11], ReAct [116], DEPS [105],
RAP [34], Reflexion [85], JARVIS-1 [106], and ICE [79] have ex-
hibited unexpected reflective behaviors and policy improvements
through In-Context Learning (ICL) [3, 58, 81, 115, 125]. However,
these works primarily focus on single-agent decision-making tasks.

In this paper, we investigate how to leverage LLMs to develop
agents capable of achieving foresighted cooperation with unknown
partners, thereby addressing the challenges faced by existing ap-
proaches. There have been some preliminary attempts to develop
such cooperative agents [65, 120]. E.g., ProAgent [120], building
upon self-reflection, incorporates reasoning about partner beliefs to
enhance its cooperative abilities. Existing LLM agents tend to force
LLMs to think in a human-like manner (e.g., using CoT [107]) to
generate better decisions. However, we argue that human-like rea-
soning mechanisms are not necessarily the best way to utilize LLMs’
ICL abilities, as they can fail to fully utilize test-time computation.

How can we foster more structured LLM reasoning mechanisms
that fully utilize test-time computation? In RL, there is a class of
model-based methodology called Decision-Time Planning (DTP) [6,
7, 17, 40, 73, 89]. This method first learns an environment model,
then simulates various trajectories on this model to evaluate the
value of all legal actions, and finally selects the action with the
highest value estimate. DTP generates ‘foresighted’ policies that
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are usually better than greedy decisions, as it leverages test-time
computation to the fullest extent possible.

Enlightened by the above analysis, we introduce a novel LLM-
driven DTP framework, DTPAgent, to facilitate more structured
reasoning mechanisms. Unlike traditional DTP, DTPAgent does not
rely on gradient descent but instead leverages LLMs’ ICL ability to
learn the environment model. In this framework, we instantiate one
LLM as a Partner Policy Model (PPM) for predicting the partner
actions given states and another LLM as a Transition-Reward
Model (TRM) for estimating the environment’s transition and re-
ward function. Together, these two LLMs model the full dynamics
of the environment, making DTP feasible. Upon the LLM-driven
environment model, DTPAgent simulates a range of possible trajec-
tories to search for the most advantageous policy at each timestep,
enabling adaptive cooperation with unknown partners.

Our DTPAgent contributes a simple and general algorithmic
framework. To generate foresighted cooperative policies, it only
needs to continuously update the LLMs’ contexts with full dy-
namic transitions obtained during interactions. More importantly,
the design choices of DTPAgent naturally overcome the two key
challenges of mainstream multi-agent coordination approaches: (1)
DTPAgent learns to collaborate through the ICL ability of LLMs
without relying on complex and inefficient task-specific training. (2)
DTPAgent searches policies online by modeling the environment
model and planning in real-time to maximize its adaptability to
unseen partners. A fundamental advantage of our DTP framework
is its ability to directly convert test-time computation into im-
proved performance. As shown in Fig. 4, increasing the computa-
tional budget consistently leads to better coordination—a scalable
property that existing reactive agents lack.

We conduct a series of comparative and ablation experiments
on OVERCOOKED [16], a popular and challenging multi-agent co-
ordination benchmark. We build DTPAgent using representative
open-source LLMs with fewer than 10B parameters. Despite using
small-scale LLMs, the coordination results with unknown partners,
including unseen human proxy models and all other approaches,
show that DTPAgent generally outperforms various types of base-
lines, including mainstream PBT-driven ones and new-fashion LLM-
driven ones. Compared to ablation variants, LLMs demonstrate
more accurate estimations of the environment model, which is the
foundation to the emergence of DTPAgent’s generalization ability.

2 RELATED WORK

Multi-Agent Coordination. There is a line of work in multi-agent
systems that focuses on improving the generalization ability of
agents to novel partners [50]. In cooperative games, this literature
is commonly referred to as ad hoc teamplay [92] or zero-shot coor-
dination [36], both of which emphasize the capacity to collaborate
effectively without prior coordination or shared training history.
Early works enable seamless cooperation by training precise partner
models from collected data, particularly in the realm of human-AI
collaboration [16, 52, 53, 101]. However, these approaches are fun-
damentally limited by the expensive data collection process and
systematic biases inherent in human behavior [15, 48, 77, 82].

To circumvent the reliance on precise partner models, main-
stream approaches employ PBT to create a diverse population of
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partners and subsequently leverage this population to train a gen-
eralizable agent [44, 59, 60, 93, 112]. Specifically, some works ex-
plicitly optimize statistical metrics for diversity [67, 127], while
others utilize expert knowledge-dependent approaches such as do-
main randomization [94, 98, 117] and quality diversity [75, 78, 108]
to generate behaviorally diverse populations. Follow-up works at-
tempt to minimize the cross-play reward between different agents
in the population to encourage the emergence of distinct, high-level
strategies [18, 21, 83]. Beyond PBT-driven approaches, complemen-
tary methods employ Bayesian inference to infer the partner type
based on historical experience [55, 99, 109].

Despite the rich methodologies established by existing work,
they all rely on complex and inefficient task-specific training. In
contrast, our DTPAgent is purely driven by the ICL ability of LLMs.
Through interactions, DTPAgent updates its policy in context with-
out any fine-tuning (i.e., gradient-based learning) during testing.

Verbal RL. Building LLM agents capable of completing challeng-
ing decision-making tasks through In-Context Learning (ICL) [3, 5, 8,
29,58, 100, 111, 125] is an emerging research topic commonly called
verbal RL [20, 85, 103, 116]. Many works adopt general-purpose
closed-loop reasoning approaches via self-evaluation and reflec-
tion [49, 51, 104, 105], allowing agents to iteratively improve based
on environmental feedback. Some also include domain knowledge
of embodied agents in language feedback [33, 39, 70].

Another line of work uses hierarchical planning methods to
decompose complex tasks into simpler, executable subtasks. Among
them, some focus on instructing LLMs to continuously generate
goals [23, 102, 110, 123], enabling LLM agents to explore open-
ended environments. Others leverage LLMs to decompose a given
goal into appropriate subgoals [19, 38, 76, 129], facilitating better
solutions for long-horizon and complex tasks.

Recently, building upon ideas of Shinn et al. [85], Yao et al. [116],
some studies have attempted to construct cooperative LLM agents
by incorporating the modeling of partner beliefs or intentions [65,
120]. In contrast, our work investigates how to use DTP to foster
more structured reasoning mechanisms, allowing LLMs to fully
utilize test-time computation for scaling cooperation abilities.

Decision-Time Planning (DTP). DTP is an advanced online pol-
icy search method in model-based RL [25, 96, 97, 126]. The most
representative is the AlphaGo series of works [84, 86—88], which
achieved superhuman performance in real-world games such as
Go, Chess, and Atari through self-play, RL training, and a DTP
algorithm—~Monte Carlo Tree Search [17, 31]. DTP also makes it pos-
sible for Al to defeat top human players in challenging imperfect-
information games such as Texas Hold’em Poker [12, 71, 89].

Recently, using DTP to enhance reasoning abilities of LLM agents
has attracted great research interest [34, 37, 61, 121, 128], which
primarily considers LLMs as a world model and adopts tree search
for planning. Compared to other methods, DTP emphasizes scaling
test-time computations to foster more ‘foresighted’ LLM reasonings.
However, these works are mostly limited to single-agent settings.

Inspired by previous DTP works, our work explores how to
develop an LLM-driven DTP framework suited for multi-agent
coordination. We adopt the idea of DTP to develop more structured
LLM reasoning mechanisms that fully utilize test-time computation,
enabling the online generation of adaptive cooperative policies.
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3 PRELIMINARIES

In this work, we focus on the setting of two-player, fully cooper-
ative multi-agent systems. We formalize the environment using
a Two-player Cooperative Markov Game (TCMG) [60, 112, 117]
(S, A, T,RT,y). Here, S represents the set of all possible states. A
denotes the set of all possible actions, which is the same for each
player. 7 : SXAXA — 8 is the transition function over next states
given states and actions from both players. R : S X AX A — R
represents the reward function commonly shared between the two
players. For simplicity, we jointly denote the transition function
7 and the reward function R as the transition-reward function
P:SXAXA — S xR. T denotes the number of timesteps
in each episode of the game. y denotes the discount factor.

In this TCMG, one player is the Agent (controlled by us), while
the other player is the Partner (uncontrolled). We use the super-
script ‘A’ to represent terms related to the agent player and ‘P’ to rep-
resent those related to the partner player. In this way, we can denote
the policies of the agent and the partner as 7* and #¥, respectively.
Let the expected return (i.e., cumulative discounted reward) obtained
from the cooperation between the agent and the partner be denoted
as J (72, 7%) = Ega_ja o v [ 215 Y/ R(sp,al, ab)]. Assume that
Prest : II” — [0, 1] represents the distribution of unknown partner
policies during testing, where IT” denotes the set of all possible part-
ner policies. Our objective in this TCMG is to find an agent policy
7 that maximizes the expected return collaborating with unknown
partners during testing, i.e., argmax a E,rpwptest [j(ﬁA, ﬂP)].

4 METHODOLOGY

Existing multi-agent coordination approaches have two key chal-
lenges: (1) They heavily rely on task-specific training; (2) Their
trained agents lack adaptability at test time. To address these chal-
lenges, we introduce a simple and general LLM-driven DTP frame-
work, DTPAgent. Methodologically, DTPAgent leverages the ICL
ability of pretrained LLMs to model the full dynamics of the en-
vironment, thus constructing a novel DTP framework. Upon this
framework, DTPAgent collaborates with unknown partners by sim-
ulating possible trajectories to estimate action values and then
generating foresighted cooperative policies. The overview of our
LLM-driven DTP framework is illustrated in Fig. 1.

4.1 Building LLM-driven Decision-Time
Planning Framework

To make DTP feasible for multi-agent coordination, two compo-
nents are essential: (1) A rollout policy for the agent to simulate
the agent actions a® during DTP process. (2) An environment
model to predict the next state s and the reward r given the current
state s and the agent action a® during DTP process.

For the rollout policy, it is theoretically necessary to explore
all possible trajectories, i.e., trying every legal action at each de-
cision node of the agent, to find the optimal action sequence for
the agent. Insufficient exploration of the trajectory space can lead
to the generation of arbitrarily suboptimal 7. However, given the
limited computational budget in practice, we consider using a ran-
dom policy as the rollout policy instead of exhaustive traversal. This
enables the agent to explore as large trajectory subspace as possible
within the available resources.
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Figure 1: LEFT: Through continuous interaction with the environment, DTPAgent accumulates context to construct an increasingly
accurate modeling of the environment, allowing it to adapt more effectively to unknown partners. RIGHT: Policy search of
DTPAgent at each timestep includes: (1) Simulate Trajectories to Estimate Action Values: Simulate trajectories using the LLM-
driven Partner Policy Model (PPM) n}; \; and Transition-Reward Model (TRM) P11m to compute the value of each legal action. (2)
Generate a Foresighted Cooperative Policy: Select the action with the highest estimated value to form an adaptive policy.

For the environment model, we propose explicitly modeling
the partner policy to reduce the uncertainty caused by the partners.
If the partner is treated as part of the environment, the environment
can become non-stationary, as the partner could always adopt sto-
chastic, changing, or learning policies. Consequently, we decouple
the full dynamics of environment into two parts: a partner policy and
a transition-reward function. These two dynamics are respectively
modeled using the following two LLM instances.

Partner Policy Model (PPM). We instantiate one LLM as the PPM
denoted as i}, (@"[s, D'™M), to estimate the partner policy n*
based on the ICL ability of LLM.! Follow up, we will slightly abuse
some mathematical language to intuitively describe the approxima-
tion mechanism by which PPM models the partner policy through
ICL. Given an unknown partner policy z°, let DM denote the
PPM Context Data. Specifically, DP™™ contains several ground-truth
(s, a®) tuples generated by #¥. These tuples serve as in-context ex-
amples, enabling 7° 1m to better approximate the true partner policy.
Then, PPM can be approximately viewed as optimizing the formula:

1

max E » [log ﬁ{LM (s, DPPM)] .

$HPPM
To estimate the true partner policy, traditional methods approxi-
mate ¥ using gradient descent with a great number of ground-
truth (s, a¥) samples. However, these methods requires re-training
when 7¥ changes, and exhibits high instability with limited train-
ing samples. In contrast, ICL has been widely demonstrated as a
form of implicit gradient descent to learn algorithms in-context
efficiently [3, 5, 8, 29, 58, 81, 100, 111, 125]. In light of this, we lever-
age the ICL ability of the LLM to implicitly achieve Eq. (1). In this
way, even when the unknown partner policy #¥ changes, the LLM
can quickly approximate the new 7¥ with few samples, and is more
stable as it does not rely on gradient descent.

1We use superscript A to denote the terms generated by LLMs.
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To measure the quality of the partner policy estimated by PPM,
we can directly collect the partner actions a" predicted by PPM and
compare them with the ground-truth af to calculate the Accuracy.

Transition-Reward Model (TRM). We instantiate another LLM
as the TRM, denoted as Prim (8, 7[s, at, a, DTRM), to model the
transition-reward function P based on the ICL ability of LLM. Once
again, we will slightly abuse mathematical notation to intuitively
depict how TRM leverages ICL to estimate the transition-reward
function. Given the true transition-reward function P, let DTRM
represent the TRM Context Data. Specifically, D™M contains several
ground-truth (s, a®, a%,r,s") tuples collected during interactions.
These tuples serve as in-context examples, enabling Py to more
accurately predict the true transition-reward function. Assuming
the general case where the state set S is continuous, TRM can be
approximately viewed as optimizing the formula:

1 1
—(s =8+ E(r—

: M @

énTlRII\lA E(§'f)~7’LLM("'

LDTRM) (7 p)~P
Similarly, rather than using gradient descent to learn the transition-
reward function $, we leverage the ICL ability of LLMs to implicitly
approximate Eq. (2). In practice, the state set S of the environment
we use can be discrete. In this case, to measure the quality of TRM’s
approximation of the transition-reward function, we propose a
novel Weighted Edit Distance (WED) metric.

Specifically, we convert each variable into a string X decomposed
into Z information segments, denoted as X = X' @ - - @ X%,
The WED metric aggregates the distances across these segments:

4
Muwep (X, X;) := Z Wz - Mz(Xi(Z)’X;Z)),

z=1

®)

where w, is the weight of the z-th segment and M, is the corre-
sponding metric. We use Manhattan distance for numerical seg-
ments and Levenshtein distance [57] for text segments. Tailored
for natural language representations of states and rewards, WED
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quantifies the similarity between predicted (§’, 7) and ground-truth
(s’,r) by calculating the minimum weighted operations required
to transform one sequence into another. This metric effectively
captures the accuracy of TRM’s predictions in discrete state spaces.

Based on the rollout policy and the environment model
described above, we construct a complete DTP framework. This
framework is entirely driven by LLMs and does not rely on any
task-specific training, eliminating the need to deal with complex
learning stages and meticulous design choices. Essentially, LLMs
learn to model the full dynamics of the environment purely in con-
text and continuously refine this modeling through self-evaluation
and reflection based on environmental feedback.

4.2 Collaborating with Unknown Partners
using DTPAgent

During testing, DTPAgent collaborates with unknown partners at
each timestep through the following two steps: (1) Simulate a range
of possible trajectories to estimate action values; (2) Generate a
foresighted cooperative policy based on the calculated value esti-
mations. This process iteratively repeats until the testing ends. We
provide the pseudocode for DTPAgent in Algo. 1.

Simulate Trajectories to Estimate Action Values. The core step
of DTPAgent is to use the LLM-driven environment model at each
timestep ¢ to simulate various trajectories, enabling the value esti-
mation of all legal agent actions in discrete set A. Given the current
state s; and the Context Data Buffer D, we adopt the following pro-
cedure to compute the action value Q(s;, a®, D) for all a® € A.

Let M denote the rollout times for a given legal action a®. Given
the current rollout index m € [M] and simulation timestep h €
{t,..., T — 1}, we first retrieve the PPM Context Data DFZIE) from
D. Then, we use the PPM JTELM to predict partner action dl(Jm,h)'
Next, we retrieve the TRM Context Data D(TE’MM from O and use
the TRM Prpym to predict the next state $(,, p+1) and reward 7(,,, ).
Finally, we sample next agent action a‘(*m’h +1) with the random
policy. We repeat the above procedure until M complete trajectories
are simulated, and approximate the value estimation for the action
at given the state s; with the maximum simulated return, i.e.,

T-1
[Z thfon,k)] :
k=t

Generate a Foresighted Cooperative Policy. Based on the action
value estimations described above, DTPAgent generates an agent
policy at each timestep ¢ through a maximization operator:

A
,a", D) =
Q(snat, D)=

©

®)

As DTPAgent interacts with the environment &, the ground-truth
full dynamic transition D; := (sq, a?, aI;, re,Se+1) is generated. Natu-
rally, we continuously add the newly generated D to the buffer D,
where D is used to update the estimation of Q in the next iteration.

Intuitively, as O continuously updates, the LLM-driven envi-
ronment model becomes more accurate through ICL, leading to
more reliable Q estimations, which in turn generates increasingly
performant cooperative policy HSTP. This iterative process essen-
tially facilitates more structured LLM reasoning mechanisms, as

mhp(s1, D) = arg max Q(s;, a™, D).
areA
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Algorithm 1 LLM-driven Decision-Time Planning Agent

1: // Simulate Trajectories to Estimate Action Values
2: function Q(s;, a®, D)
3: Let rollout index m « 0.
4 repeat
5: Let simulation timestep h < t, state s(y, ) = S;, agent
action a?m,m =at
6: repeat
7: Retrieve the PPM Context Data Dfsf‘fl) ~D.
8 Predict partner action dl()m’ ) by sampling from the
P PPM
PPM ﬂLLM('|s(m-h)’ D(m,h))'
9: Retrieve the TRM Context Data Z);r’ﬁl\g) ~D.
10: Predict next state §(,;, p+1) and reward 7(,, ) with
A P TRM
the TRM Prim (-, “|S(mh)» @iy Uy D(m,h))'
11: Sample next agent action a‘(*m’hﬂ) ~ Uniform[A].
12: Let simulation timestep h < h + 1.
13: until h > # timesteps per episode T.
14: Let rollout index m < m + 1.
15: until m > # simulated trajectories per legal action M.
16: return max simulated return maxy,c[m [ZL}I yk_tf'(m,k)].

17: end function
18: // Collaborate with Unknown Partners

19: function RUNDTPAGENT(environment &)

20: Initialize the Context Data Buffer D = {}.

21: while testing is not done do

22: Let timestep t < 0 and get initial state sy by resetting
the environment &.

23: while t < T do

24: /" Generate a Foresighted Cooperative Policy

25: Generate agent action a’* with searched agent policy
HSTP(St, D) = argmax,a. 4 Q(s1, a, D).

26: Get partner action af, next state s;41, and reward r;
by executing agent action a? in the environment &.

27: Add the ground-truth full dynamic transition D; :=
(s a?, al;, 14, St+1) into the Context Data Buffer D.

28: Let timestep t «— t + 1.

29: end while

30: end while

31: end function

it constructs an adaptive model of the environment, performs in-
depth planning, and fully utilizes test-time computation to enhance
generalization ability. Moreover, as we increase M, the estimate
of Q becomes increasingly accurate, leading to the generation of
a better cooperative policy HSTP. This introduces a feasible path
for scalability: as available computational resources increase, we
can improve performance by increasing the number of simulated
trajectories, a characteristic absent in existing reactive agents.

5 EXPERIMENTS

In this section, Sec. 5.1 introduces the experimental setup in de-
tail. Sec. 5.2 poses a series of questions and provides empirical re-
sults to answer them, aiming to analyze effectiveness of DTPAgent.
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Figure 2: Top: Performance of agents collaborating with human proxy models as unknown partners. Borrom: Performance with
all other approaches as unknown partners. The results show that DTPAgent generally outperforms various types of baselines,
including PBT-driven ones and LLM-driven ones. We report the mean and standard deviation over 50 episodes.

5.1 Experimental Setup

Environment. We evaluate DTPAgent on OVERCOOKED [16]. OVER-
COOKED is a representative TCMG where two players must skillfully
coordinate, avoid collisions, and complete a series of subtasks under
time pressure to serve dishes successfully. This requires the agent
to infer the partner’s intentions and decide which subtask would be
most beneficial to assist the partner. We use five commonly adopted
layouts: Cramped Room, Asymmetric Advantages, Coordination
Ring, Forced Coordination, and Counter Circuit.

Baselines. We consider both mainstream PBT-driven and new-
fashion LLM-driven approaches as comparative baselines.

PBT-driven baselines include: (1) Self-Play (SP) [9]: The agent is
trained by interacting only with itself. (2) Naive PBT (NPBT) [41]:
A population of agents is trained through random pair-wise inter-
actions and a survival-of-the-fittest mechanism. (3) FCP [93]: A
population is constructed using checkpoints from different stages
of multiple runs of the SP algorithm, and the agent is trained to
interact with this population. (4) MEP [127]: Builds on FCP by
optimizing an objective to maximize population entropy, thereby
increasing the diversity of the population. (5) COLE [59]: Utilizes
an open-ended framework that continuously computes the popula-
tion’s cooperation incompatibility distribution and solves for the
best response, gradually producing increasingly stronger agents.
For the PBT-driven baselines, we use the open-source trained mod-
els provided by Li et al. [59] for evaluation.

LLM-driven baselines include: (1) ReAct [116]: Prompting the
agent to first reason based on observations and then make a decision.
(2) Reflexion [85]: The agent continuously reflects based on envi-
ronmental feedback and improves decisions in subsequent trails.
(3) ProAgent [120]: Compared to the previous two approaches, it
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introduces the modeling of partner beliefs to enhance the reasoning
process. For the LLM-driven baselines, if not specified otherwise, we
use the open-source pretrained LLM Qwen2.5-7B-Instruct [95, 113]
for their implementations.

Testing Protocol. Following the best practices in multi-agent co-
ordination, we set up two types of unknown partners to evaluate
the generalization ability of the agent: (1) We use the human proxy
models proposed in Carroll et al. [16] to approximate unseen human
partners, which is widely used for simulating human-like play styles
while avoiding expensive human evaluation [2, 56, 59, 83, 120]. (2)
We use all other approaches to represent unseen agentic partners.
For example, when DTPAgent acts as one of the players, this means
we have all other approaches, including SP, NPBT, ..., ProAgent,
take turns as the other player. These agentic partners often have
less bias and higher skill levels compared to humans [48, 82].

In all figures and tables, we report the mean and standard devi-
ation of performance or metric results over 50 game episodes. To
practically implement DTPAgent, rule-based coding is used to con-
vert between the ontology of states, actions, and rewards and their
corresponding natural language representations. Unless otherwise
specified, we use the LLM Qwen2.5-7B-Instruct to build DTPAgent.
The rollout times M for DTPAgent is set to a default value of 10.

5.2 Emperical Analysis

Question 1. Compared to PBT-driven approaches, can DTPAgent
collaborate more effectively with the unknown partners (including
human proxy models and all other approaches)?

The Top of Fig. 2 presents the average return for all agents
collaborating with the human proxy models. The BorTom of Fig. 2
shows the results with all other approaches as partners. We report
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Figure 3: Performance of DTPAgent’s ablation variants collaborating with human proxy models. The results show that modeling
of partner policy and transition-reward function are both crucial for DTPAgent to collaborate effectively with unknown partners.

Table 1: Quantitative metrics of estimations on environment model by DTPAgent’s ablation variants. We measure the quality of
partner policy estimation using Accuracy (Acc.) and the quality of transition-reward function estimation using WED. The
results show that both the PPM and TRM in DTPAgent can effectively model the dynamics they are responsible for.

Ablation Variant of DTPAgent

Evaluation
Layout Term r r
Ours W/ 71 qom  Ours w/ Prandom Ours w/ ... Ours w/ Pretrieve Ours

cramped Room PPM Acc. (%) T 16.9 £ 6.5 45.5 + 9.6 20.5+£5.2 483 £7.2 53.1+8.6
P TRM WED | 0.45 + 0.62 2.56 = 1.55 0.39 + 0.67 1.36 £ 1.54 0.26 + 0.91
Asymmetric Advantages PPM Acc. (%) T 16.4 £ 4.3 50.7 £9.2 179 £ 6.1 50.4 + 8.8 62.4 = 10.6
Y 8 TRM WED | 0.35 + 0.62 2.52 + 1.35 0.44 £ 0.60 0.98 + 1.32 0.26 = 0.99
Coordination Rin PPM Acc. (%) T 17.0 £ 6.5 50.7 + 8.8 21.7 £ 6.0 41979 49.8 +9.7
8 TRM WED | 0.41 £ 0.61 2.82 £ 1.58 0.33 £ 0.55 1.53 £ 1.53 0.28 + 0.50

Forced Coordination PPM Acc. (%) T 178 £7.9 43.1+83 238+79 44.6 + 8.4 51.5 £ 8.1
TRM WED | 0.38 = 0.77 3.77 £ 2.09 0.34 £ 0.73 2.65 + 2.21 0.43 + 1.45

Counter Circuit PPM Acc. (%) T 163 £7.7 46.6 + 10.1 13.5+£ 6.9 47.1 £8.3 59.3 £6.9
TRM WED | 0.37 = 0.67 2.92 £+ 1.60 0.37 £ 0.68 1.60 £ 1.50 0.19 £+ 0.50

the results separately for the agent acting as Player 0 and Player 1.
The ‘Switched Indices’ with shaded highlight represents the case
where the partner is Player 0 and the agent is Player 1, while the
non-shaded bars represents the opposite. We observe that DTPAgent
generally collaborates more effectively with unknown partners
to complete tasks compared to existing PBT-driven approaches.
In some challenging cases, such as Forced Coordination with
agents acting as Player 0, DTPAgent significantly outperforms other
baselines. These results demonstrate that our LLM-driven DTP
framework inherently produces foresighted cooperative policies,
despite not being trained on the OVERCOOKED task.

Question 2. Compared to LLM-driven approaches, can DTPAgent
exhibit better collaborations with the unknown partners?

Continuing to observe Fig. 2, we will now focus on the compari-
son results between DTPAgent and other LLM-driven approaches.
We can find that DTPAgent generally outperforms LLM-driven base-
lines in collaboration performance with unseen partners, demon-
strating more foresighted cooperations. This finding can be attrib-
uted to the fact that, compared to LLM-driven approaches such as
ReAct, Reflexion, ProAgent, and others that reasons by imitating
the human thinking processes, DTPAgent fosters more structured
LLM reasoning mechanisms, as it structurally models the full en-
vironment dynamics, searches policies in-depth, and effectively
translates test-time computation into generalization ability.
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Question 3. Are the LLM-driven environment model (i.e., PPM and
TRM) the key to the emergence of DTPAgent’s abilities?

To quantitatively ablate the impact of the LLM-driven PPM
and TRM, we introduce several variants of DTPAgent: (1) Ours w/
ﬁfm dom: Replaces ”ELM with a random policy ﬂ'fan dom LOT partner ac-
tion prediction. (2) Ours W/ Prandom: Replaces Priy with Prandom,
who randomly samples the possible next state s’ and reward r.
(3) Ours w/ nfetrieve: Replaces JI'ELM with a retrieval-based pol-
icy ﬂitrieve, who adopts the same retrieval strategy of DTPAgent’s
DPPM to find the most similar transition data D in the buffer D and
uses a® from this D as prediction. (4) Ours W/ Pretrieve: Replaces
Prim with a retrieval-based function Pretrieve, who adopts the same
retrieval strategy of DTPAgent’s D™ to find the most similar D
in D and uses s’ and r from this D as prediction.

We present the average return and statistical metrics for these
ablation variants when collaborating with the human proxy mod-
els in Fig. 3 and Table 1, respectively. In Table 1, we measure the
prediction accuracy of the PPM and TRM using Accuracy and WED,
respectively. When using ni ndom L0 replace HELM or using Prandom
to replace Prry, both the prediction accuracy and performance of
DTPAgent drop significantly. Moreover, compared to using heuristic
approaches like ‘Ours w/ ”rPetri eve OF ‘Ours w/ Pretrieve’; DTPAgent
(‘Ours’) shows considerable improvement in both prediction ac-
curacy and performance. This indicates that LLMs can effectively
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Table 2: Performance of DTPAgent constructed with different LLMs when collaborating with human proxy models. For each
layout, the first and second row report the average return when the agent acts as Player 0 and Player 1, respectively. We find
that DTPAgent can be consistently effective with various LLMs, constituting a general framework for multi-agent coordination.

LLM Used to Construct DTPAgent

Layout

Y internlm2_5-7b-chat ~ glm-4-9b-chat Llama-3.1-8B-Instruct Ministral-8B-Instruct-2410 Qwen2.5-7B-Instruct
Cramped Room 163.6 + 13.3 168.8 £ 13.4 160.8 + 22.0 150.4 £ 17.9 168.8 + 15.6
i 160.0 + 20.9 162.0 + 15.0 170.0 + 22.3 170.0 + 20.4 172.0 + 18.0
Asymmetric Advantages 200.4 £ 9.8 206.4 +10.8 214.4 £ 16.0 2152 £ 223 219.2 £12.0
Y! g 178.0 + 47.7 162.0 + 26.0 182.0 + 36.3 176.0 + 40.8 206.0 + 35.8
Coordination Rin 93.2 +32.0 98.4 +32.3 105.2 £ 37.1 103.2 £ 40.0 98.0 £ 35.2
g 122.0 + 34.0 122.0 £ 18.9 118.0 + 38.4 134.0 £ 22.0 132.0 £ 16.0
Forced Coordination 108.0 + 16.0 102.0 + 26.0 84.0 + 46.3 100.0 + 26.8 108.0 + 41.2
62.0 +17.4 44.0 £ 15.6 52.0 = 23.7 52.0 = 25.4 54.0 = 23.3
Counter Circuit 114.8 + 18.0 114.8 £ 16.0 114.0 £ 9.8 122.0 + 20.0 116.8 £ 9.2
108.8 + 16.0 115.6 £ 8.9 120.8 £9.2 110.4 £ 12.8 120.0 + 14.0
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Figure 4: Performance curves of collaborating with human proxy models as rollout times M vary. For each layout, the blue and
red curves represent the average return when the agent acts as Player 0 and Player 1, respectively. The results show that as the
rollout times M increase, DTPAgent’s ability to adapt to unknown partners generally improves.

learn to model the full dynamics of environment purely in context,
thereby endowing DTPAgent with strong adaptability.

Question 4. Can DTPAgent be compatible with various kinds of
LLMs to constitute a general framework for multi-agent coordination?

We explore the generality of DTPAgent by constructing it with
different open-source LLMs. In addition to Qwen2.5-7B-Instruct,
we include: internlm2_5-7b-chat [14], glm-4-9b-chat [30], Llama-
3.1-8B-Instruct [24], and Ministral-8B-Instruct-2410 [45]. Table 2
presents the average return of DTPAgent constructed with different
LLMs when collaborating with the human proxy models. Although
there are some performance gaps across different LLMs, they all
generally achieve good collaboration results with unseen human
models. These results show that our DTPAgent contributes a general
LLM-driven algorithmic framework for multi-agent coordination.

Question 5. CanDTPAgent scale its ability on adapting to unknown
partners as the available test-time computation increases?

We are also concerned with the scalability of DTPAgent, i.e.,
whether its cooperating ability improves as the test-time computa-
tion increases. Specifically, the rollout times M for each legal action
constitute the major computational budget for DTPAgent. Larger M
means more LLM inference. Fig. 4 presents the performance curve
showing how the average return of DTPAgent changes as M in-
creases when collaborating with the human proxy models. Within
a limited set of hyperparameters, as M increases, DTPAgent’s adap-
tation ability shows an overall upward trend. This suggests that
DTPAgent enables a scalable LLM reasoning mechanism, as it scales
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as test-time computation increases. This scalability is what exist-
ing reactive agents lack, which provides a feasible path for future
improvements as more computational resources become available.

6 LIMITATIONS AND FUTURE WORK

Our experiments reveal that although LLMs provide better esti-
mates of the environment model compared to random or heuristic
predictions, there is still considerable room for improvement in
their prediction accuracy. A potential future direction is to im-
prove context data using methods like multimodal LLMs or data
augmentation to further enhance the ability to predict the envi-
ronment model through ICL. Additionally, the computational cost
of scaling test-time LLM inference is relatively high. Introducing
new methods to reduce the computational overhead of the LLM-
driven DTP framework is a research direction worth further ex-
ploration. Possible techniques include model caching [10, 54] and
compression [43, 62], hierarchical planning [4, 90], and pruning less
promising trajectories [68, 91] to reduce computational cost while
maintaining performance. Extending DTPAgent to more complex
multi-agent systems, such as those with more than two agents or
mixed motive settings, is also a promising future research direction.
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