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Abstract

Large language model (LLM) agents often generate causally invalid plans in multi-agent
coordination tasks due to reliance on spurious statistical correlations rather than grounded
causal reasoning, leading to poor task performance. We propose CausalPlan, a framework
that enforces causal consistency in LLM planning by embedding learned structural knowledge
directly into the decoding process. CausalPlan first extracts a Structural Causal Action
(SCA) model, which learns a policy-level causal graph from agent trajectories to capture how
prior actions and current environment states influence future decisions. The learned SCA
guides planning by reweighting candidate action tokens during generation and providing
grounded alternatives when causal violations are detected. By embedding causal knowledge,
CausalPlan constrains planning to causal-consistent behaviors under the learned causal
model without requiring fine-tuning. We evaluated CausalPlan on the Overcooked-Al
benchmark across five multi-agent tasks and four LLMs: Gemma-7B, Llama-8B, Qwen-14B
and Llama-70B. Experimental results show that CausalPlan consistently reduces causally
invalid actions and improves task completion in both AI-AI and human-AT collaboration
settings, outperforming strong LLMs and reinforcement learning baselines. Our findings
demonstrate that causality-driven planning is essential for deploying efficient, interpretable,
and robust multi-agent systems.

1 Introduction

Large Language Models (LLMs) have evolved from static text processors into dynamic decision-makers,
showing immense promise in multi-agent frameworks (Zhang et al., 2023a; Qian et al., 2024; Zhang et al.,
2024a). A critical frontier in this domain is zero-shot multi-agent coordination—the ability to collaborate
with unseen partners, including humans, without prior joint training (Legg & Hutter, 2007; Hu et al., 2020).
Compared to traditional multi-agent reinforcement learning (RL) methods, LLM-based agents, trained on vast
and diverse datasets that contain rich common-sense knowledge and linguistic abstractions, have demonstrated
impressive performance and emerged as a promising solution to this challenge (Zhang et al., 2024a).

Despite these strengths, a persistent limitation remains: LLM agents often lack robust causal reasoning
capabilities (Joshi et al., 2024; Chi et al., 2024), which leads to causally invalid actions during planning.
We formally categorize these invalid actions into three failure modes: physical constraint violations (actions
infeasible in the current state), temporal dependency errors (actions executed out of causal sequence), and
coordination misalignments (conflicting or redundant actions relative to a partner). As shown in Fig. 1(a),
even a large-scale model like Llama-70B produces a substantial number of invalid actions, all of which fall
into one of these three categories. Existing attempts to address this shortcoming are largely confined to
single-agent settings and either rely on the LLM itself to infer causal structure via prompting or inject
externally specified causal graphs into the planning prompt (Yu & Lu, 2025; Chen et al., 2025; Chai et al.,
2025). As a result, causal reasoning remains entangled with language generation and is constrained by the
LLM’s causal inference capabilities, which vary widely between model sizes, architectures, and prompting
strategies, while offering limited support for inter-agent dependencies and coordination dynamics. To address
these limitations, we propose CausalPlan, a framework inspired by Pearl’s theory of causality and Structural
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Figure 1: (a) Evaluation on the Overcooked Cramped Room layout showing the number of causally invalid
actions (out of 400 timesteps), averaged over five seeds. CausalPlan significantly reduces the number of
invalid moves. (b) Example of causal relationships discovered by CausalPlan on Cramped Room layout.
Yellow and red nodes indicate parent actions and states, respectively, while green nodes denote child actions.
The edge weights represent the learned probability of a causal influence existing between a source node
(state or action) and a target action. “Pick Up Onion” strongly influences “Put Onion in Pot” (0.6) and
“Place Onion on Counter” (0.5), but not “Fill Dish with Soup” (0). The state “Pot with 2 Onions” strongly
drives “Put Onion in Pot” (0.9), while “Pot Finished” strongly influences “Fill Dish with Soup”. (¢) Mean
and variance reward for CausalPlan and baselines when paired with five different unseen policies trained on
human trajectories (over 400 timesteps). CausalPlan consistently outperforms all other baselines. Detailed
results in Appx. Fig. 8.

Causal Model (SCM) (Pearl, 2009) that goes beyond prompt-level guidance by embedding structural causal
knowledge directly into the LLM decoding process.

CausalPlan operates in two phases (see Fig. 2 for an illustration): Causal Action Structure Learning and Agent
Planning with Causal Knowledge. In the first phase, we learn the Structural Causal Action (SCA) model, an
extension of SCM, which captures policy-level causal dependencies in the agent’s decision-making process.
Rather than modeling environment dynamics, the SCA explicitly models how an agent’s past actions and the
current joint state of all agents causally influence future actions. Under this formulation, the SCA captures
all three failure modes by modeling distinct dependency types: physical constraints are enforced by the
dependency on the agent’s current state (e.g., current location and held items), coordination misalignments
are addressed through the dependency on the joint state of all agents to ensure non-redundant behavior,
and temporal dependencies are encoded through the causal relationship with past actions in the sequence.
Once learned, the SCA produces a Causal Action Matrix M, which encodes causal relationships as causal
scores (see Fig. 1(b)). In the second phase, CausalPlan aligns LLM action generation with causal scores in
M through a causal-aware reweighting and resampling mechanism. To ensure compatibility with black-box
LLM architectures, we treat the LLM as a proposal distribution, generating a set of candidate actions and
computing their model-assigned joint probabilities via token log-likelihoods. The Causal-Aware Planning
module then reweighted these actions according to their causal score under M. Actions that respect the
natural order of cause and effect receive higher weight, while causally inconsistent actions are down-weighted.
These reweighted scores are then normalized over the candidate set to form a categorical distribution, from
which the final action is sampled. This mechanism specifically targets temporal dependency errors and
coordination misalignments by penalizing actions that deviate from the learned causal sequence or conflict
with partner dynamics. in scenarios where the LLM’s proposal set consists entirely of invalid actions—often
due to physical constraint violations—the Causal Backup Plan takes over. It selects the action with the
highest causal validity regardless of the LLM’s original probability, preventing deadlocks and infeasible plans.
By embedding causal constraints directly into decoding, CausalPlan ensures that generated actions remain
causal-consistent under the learned causal model.

We evaluate CausalPlan on the Overcooked-Al benchmark using four open-source LLMs. While CausalPlan
consistently outperforms baselines across both AI-AT (see Fig. 3 and Tab. 1) and human-AI settings, we place
particular importance on the human-ATl results (see Fig. 1(c)), as they demonstrate the model’s superior
ability to coordinate with diverse and unpredictable human-proxy behaviors. Empirical results also show
that CausalPlan consistently reduces invalid actions. Our contributions are threefold: (i) We identify causal
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Figure 2: Overview of the CausalPlan Framework. The process begins with a dataset B collected
by a behavior policy mg. In Phase 1, we train the SCA Model by optimizing generating (4) and structural
(n) parameters, yielding the Causal Action Matriz M, which encodes causal influence from states and past
actions to future actions. In Phase 2, an LLM receives scenario t and proposes candidate actions A’. If
A’ # 0, Causal-Aware Planning adjusts LLM probabilities; if A" = (), Causal Backup Plan selects the most
probable past action via M. Black solid arrows denote causal training; dashed arrows denote LLM inference,
and red arrows denote causal knowledge consultation. The red box represents the causal score extraction for
each potential next action, where the score is computed as the sum of causal contributions from the current
state and previous action.

invalidity as a core failure mode of LLM agents in zero-shot multi-agent coordination and propose causally
aligned planning as a remedy; (ii) We introduce CausalPlan, the first framework to integrate learned policy-
level causal structure directly into LLM decoding for multi-agent planning; (iii) We demonstrate through
extensive experiments that causality-driven decoding substantially improves coordination performance across
model scales and scenarios.

2 Preliminaries

Markov Decision Process. A two-player Markov Decision Process (MDP) is defined as (S, {A'}, P,v, R),
where S is the state space, A° is the action set for agent i € {1,2}, P defines the transition dynamics,
~v € [0,1) is the discount factor, and R : S x A+ R is the reward function where A = A; x Aj is the joint
action space and S is the state space. Let S and A denote the dimensions of S and A, respectively. At each
timestep t, each agent ¢ € {1,2} observes the current state s; and selects an action according to its policy
m(al | s¢), forming the joint action a; = (a},a?). A trajectory is given by 7 = (s1,a1, s2,4az,...), and the
objective is to maximize the cumulative expected reward E [, R(s;,a¢)]. In our two-agent setting, one of
the agents is the controlled agent (an LLM-based agent), while the other serves as its partner.

Causality and Structural Causal Model. Causality studies the relationships between variables and
events (Pearl, 2009). The SCM framework represents causal relationships in a system, where for a set of
variables V- = {V3,..., Vi }, each variable V; is defined as V; := f;(Pag(V;),;), with {f1, f2,..., far} being
generating functions, Pag(V;) the parents of V; in the causal graph G, and {e1,...,ep} noise terms (Pearl,
2009). The directed acyclic graph (DAG) causal G = {V, E'} contains edges e;; € E, where ej; = 1 indicates
that V; causes V;, and e;; = 0 otherwise.

Structural Discovery from Interventions (SDI). Causal discovery (Pearl, 2009; Peters et al., 2017) is a
fundamental process to infer causal relationship from data. While physical interventional data is typically
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required to recover causal dependencies, the SDI framework (Ke et al., 2019) facilitates causal discovery from
trajectories by simulating interventions through a structural masking mechanism. SDI operationalizes this by
joint-learning the functional parameters @ of each f; and a structural parameter matrix n € RM*M of causal
graph G. The framework assume causal sufficiency, faithfulness, and acyclicity to ensure that the learned
structure G reflects true causal dependencies rather than spurious correlations. Here, the existence of an
edge e;; is modeled with a probability defined by logistic sigmoid function, o(n;;), which maps real-valued
parameters to the (0,1) range. By randomly masking inputs to the functional mechanism f;, the framework
simulates a do-intervention, which breaks the causal dependency of a variable on its parents to test for
necessity. By “masking out” a potential parent, the framework effectively intervenes on the graph structure
to test the causal necessity of that variable for inferring the child variable. If the absence of a masked variable
significantly decreases the likelihood of the observed data, the gradient-based update increases the structural
belief 7;;. This framework has been extensively applied to RL research to recover causal models (Peng et al.,
2022; Zhang et al., 2023b).

3 Method

In this Sect. 3, we present the proposed CausalPlan framework. Sect. 3.1 introduces the causal modeling
formulation, including the SCA model, which is derived via SDI technique, and the Causal Action Matrix M
(see Sect. A.1 for algorithmic details). Sect. 3.2 then describes how this causal knowledge is incorporated into
LLM planning through a causal-aware action selection mechanism (see Sect. A.2 for algorithmic details).

3.1 Causal Action Structure Learning

The first phase focuses on constructing an SCA model to estimate a sparse structural dependency graph G,
which serves as the foundation for plan refinement. We define the preceding action a;_; and the current state
s¢ as parent nodes, with the subsequent action a; as the target child node. Unlike traditional causal world
models that focus on reward dynamics or state transitions (Zhang et al., 2023b), our approach explicitly
treats the next action as the effect. By modeling a; as the child node, the recovered graph G is intended to
capture three critical structural constraints: physical affordances (s; — a;), which capture environmental
preconditions like having an empty hand to "pick up" an item; temporal logic (a;—1 — a;), which enforces
sequential dependencies such as picking up an onion before placing it in a pot; and coordination alignment,
which synchronizes agent behaviors through dependencies on the shared environment state. This structure
ensures that both agents’ plans remain causally grounded and mutually compatible.

Data Collection. To facilitate the process of SCA modeling using SDI technique, we collect a dataset
B = {{(sf7af) ?:1}2\;1 containing actions that have been executed successfully in the environment. By
focusing only on successful trajectories, the SCA model captures the necessary conditions for action feasibility.
These trajectories are generated using a behavior policy mg, which may take the form of an exploratory
random policy (e.g., an LLM sampling actions) or a specialized pretrained expert model. In a standard causal
sense, the behavior policy provides the necessary variance to test causal hypotheses. While a random policy
provides broad coverage of the state-action space, an expert policy consistently selects actions only when
their causal prerequisites are met.

SCA Modeling. We define the SCA model as a set of structural equations where each action ay ; is:
ari = fi (Pag(at,i), &), (1)

where Pag(at ;) C {st,ai—1} represents the causal parents: the specific subset of state features and preceding
actions that directly influence the feasibility of a;;. While the generating function f; is parameterized by &;,
the structural dependencies are governed by latent edge logits 77;; € R, whose sigmoid-transformed values
define continuous edge probabilities p;; = o(n;;) € (0,1) where o is the sigmoid function. The parent set is
effectively realized through a differentiable masking mechanism:

T =P ©[Se,a0-1), (2)
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where ® denotes element-wise multiplication and Z;; is the differentiably masked input used during training.
This masking functions as a structural intervention during the likelihood calculation. By selectively hiding
or revealing features to the generating function f;, the model is forced to determine which inputs are
strictly necessary to reconstruct the successful action. This ensures that the function f; only receives
information from features deemed causally relevant. We recover the graph structure by optimizing the
joint loss: L(6,7n) = Lcausa1(9, 1) + Lreg(n), where Leausar quantifies the reconstruction accuracy under these
constraints:

A
Lcausal = E(at_1,5t7at)NB |:_ Zlog P(at,i | Sty At—15 67 n):| . (3)

i=1

We deliberately model action components independently to ensure that our structural interventions affect
the likelihood of each action component in isolation. By training on successful trajectories, Lcausal rewards
the inclusion of an edge (1;, — 1) only if that specific feature is necessary to maintain a high likelihood
for the executed action. If an action’s success can be explained without a certain feature, the masking
mechanism encourages its removal to minimize complexity. To prevent the discovery of spurious correlations,
a negative-log-prior penalty is included:

Lieg = )\iji (—log P(ej; = 1)), (4)

where A > 0 controls the sparsity of the graph. Assigning a high edge probability p;; incurs a proportional
sparsity cost —log P(ej; = 1), ensuring that only edges with strong empirical evidence from the interventional
data are retained. This decoupling ensures that the structural parameters  do not merely imitate the
behavior policy’s preferences, but instead converge on the true physical affordances and sequential logic.

Causal Action Matrix construction. We then construct a causal action matrix M € RAX(5+4) that
encodes the causal score of selecting each action given the current state and past actions. Each row of the
matrix corresponds to a possible next action, and each column corresponds to a state or past action feature.
Each entry (7, j) stores the learned edge probability p;;. A query M(s;,a;—1,a) returns the causal score
pe(a) = > ¢ pji, where J = Active(sy, ar—1) C {1,..., S+ A} denote the set of column indices corresponding
to features that are “active” in the current state s; and the previous action a;_1, and ¢ is the row index
corresponding to action a (details refer to Appx. A.2.2). To reduce trivial pairwise cycles, we compare
mutually opposing edge probabilities and retain only the stronger direction. This heuristic enforces local
antisymmetry, though it does not guarantee global acyclicity in the general case.

3.2 Agent Planning with Causal Knowledge

At each decision step ¢, rather than directly generating an action a; from the historical trajectory h; =
(s1,a1,...,a¢—1,5t), the agent must evaluate candidate actions against the structural constraints encoded
in the causal matrix M. To leverage the reasoning capabilities of the LLM while adhering to the learned
structural constraints, we adopt a dual-prompt strategy, similar to Chain-of-Thought (CoT) (Wei et al.,
2022). We first provide the current observation s; to the LLM agent and prompt it to analyze the scene.
Both the observation s; and the analysis are then used as inputs for a second prompt, where the agent is

asked to generate a set of candidate actions A’ = {a’l, ab, ..., ai A'\} C A. Each candidate is associated with

a sampling probability p,(al,) derived from the LLM. This probability is calculated as the joint probability
of the token sequence:

N
palal ) = exp (Z log P(w; | w<,;)> ) (5)
i=1

where each log P(w; | w<;) is the log-probability of the i-th token conditioned on the prompt and preceding

tokens. This ensures that p,(a;,) reflects the model’s internal heuristic confidence in the generated action
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string. We then pass these candidates through a verifier to ensure they comply with physical constraints. If
A’ # 0, the Causal-Aware Planning module (Sect. 3.2.1) selects the most suitable action based on M. If no
valid candidates are generated (A’ = (), the system invokes the Causal Backup Plan (Sect. 3.2.2).

3.2.1 Causal-Aware Planning

To integrate learned environmental logic into the planning process, we extract a causal score for each
candidate action ¢’ € A’ from our structural model: p.(a’) = M(st,a¢—1,a’),Va' € A’. This forms the set

P.(A) = {pc(a/l),pc(aé), e ,pc(aiA,l)} (details in Appx. A.2.2), representing the “causal likelihood” of each

candidate given the current state and previous action. We then compute a joint probability pe(al,) as a
weighted sum of the LLM'’s heuristic preference and the model’s causal score:

ﬁf(a;n) =7 'pa(a;n) + (1 - 7) 'pc(a;n)a (6)

where v € [0, 1] is a hyperparameter balancing LLM intuition with structural rigor. After applying a softmax
function to normalize the distribution into:

P(A') = {pelah), pe(ab), - prlal )},

|A'] (7)
subject to Z pe(al,) = 1.

m=1

We identify and merge any semantically redundant actions by summing their probabilities (details in
Appx. A.2.4). The final action a; is then sampled from the reduced set A™ and the categorical distribution
Py

a; ~ Categorical (pf (a}). pf (a5), .. pi (al4))) - (®)

3.2.2 Causal Backup Plan

When the LLM fails to generate valid candidates (A’ = @), traditional agents often fall into "hallucination
loops" where they persistently suggest invalid actions despite re-planning (Zhang et al., 2024a). Inspired
by human behavior under uncertainty—where one reverts to highly familiar, reliable patterns—we propose
a recovery mechanism grounded in the SCA model. Instead of an immediate re-plan, the agent retrieves
the causal scores for all possible actions in the environment: p.(a) = M(st,ai—1,a),Va € A, (details in
Appx. A.2.2). This yields a probability distribution P.(.A) over the entire action space. We then greedily
select the action with the highest causal reliability:

a; = argmax Pe(a), (9)
acA

By bypassing the LLM’s current reasoning state and relying on the learned structural matrix, the agent can
move out of stagnant states. Only if this high-reliability action fails to trigger a state change do we prompt
the LLM to re-plan.

4 Experiments

4.1 Experimental setup

We employ the Overcooked-Al environment suite (Carroll et al., 2019) as our primary testing platform. This
suite consists of five distinct layouts: Cramped Room (CR), Asymmetric Advantages (AA), Coordination
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Figure 3: Performance of different LLMs with and without CausalPlan across various layouts. In these
experiments, we use the LLM agent as Player 1, allowing it to collaborate with all other baselines for 400
timesteps and report the average episode reward.

Ring (COR), Forced Coordination (FC), and Counter Circuit (CC) (see Appx. B.2 for visual specifications).
Each layout evaluates unique dimensions of multi-agent coordination, ranging from basic spatial navigation
to complex sequential task dependencies. We evaluate our framework across several model scales, including
Gemma-7B, Llama-3-8B, Qwen-14B, and Llama-3.3-70B. These models are integrated into the ProAgent
framework (Zhang et al., 2024a). We apply CausalPlan to refine the actions generated by these agents.
Additionally, we utilize Command-R (35B) to generate the structured observation analysis within our dual-
prompt pipeline (refer to Appx. A.2.1).

To rigorously evaluate CausalPlan, we structure our analysis around several key questions: Q1: Does
CausalPlan enhance the coordination of LLM agents? In Sect. 4.2, we compare base ProAgent models
against their CausalPlan-enhanced counterparts, collaborating with diverse RL partners. Q2: How does
CausalPlan perform against traditional RL? We benchmark our Llama-70B backbone directly against
standard RL agents in bidirectional roles (Sect. 4.2). Q3: Human-ATI Collaboration. Can CausalPlan
effectively collaborate with human-like partners? Sect. 4.3 evaluates coordination with Behavior
Cloning agents (Li et al., 2023b) that mimic human sub-optimality. Q4: Does CausalPlan transcend
simple imitation of the behavior policy? In Sect. 4.4, we compare our framework against non-causal
models—trained on the dataset collected from the same mg—to determine if structural logic allows the agent
to outperform suboptimal training patterns. Q5: What is the impact of each CausalPlan component?
Sect. 4.6 quantifies the performance gains of individual modules. Q6: How does causal knowledge
prevent planning failures? Sect. 4.7 investigates how the learned causal matrix prevents specific causal
errors. Q7: Can a causal graph learned in one setting be reused in another? Section 4.5 examines
the transferability of learned causal graphs across different environments. In the Appendix, we provide
additional experiments such as parameter tuning v (Appx. B.6.1), using different policies 7g (Appx. B.6.2),
time complexity analysis (Appx. B.9), comparison to Causal-aware LLMs (Chen et al., 2025) (Appx. B.10),
the causal action matrix M (Appx. B.8) and a verification of the causal graph found (Appx. C).

Baselines. Our evaluation includes two primary categories of baselines. First, we compare against ProA-
gent (Zhang et al., 2023a), which utilizes ReAct (Yao et al., 2023) and Reflexion (Shinn et al., 2023)
prompting, to measure the specific gain from our causal modeling. Second, we evaluate against established
RL methods for zero-shot human-AI coordination, including SP (Tesauro, 1994), PBT (Jaderberg et al.,
2017), FCP (Strouse et al., 2021), MEP (Zhao et al., 2023), and COLE (Li et al., 2023b) (see Appx. B.3
for details). Furthermore, we assess the generalizability of CausalPlan in the Crafter environment (Hafner,
2021), a challenging long-horizon planning benchmark. In this single-agent setting, CausalPlan outperforms
state-of-the-art causal prompting methods Causal-aware LLMs (Chen et al., 2025) by 14% (detailed results
in Appx. B.10).
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Table 1: Average performance (mean + std), collaborating with AI partners, of baseline Al agents and
CausalPlan (Ours) across layouts using Llama-70B. Results are averaged returns over both player positions
(400 timesteps each). Best and second-best results are in bold and underlined, respectively. Detailed

performance of playing as Player 0 or Player 1 is provided in Appx. Tab. 7.

Layout Baseline AI Agents CausalPlan
SP PBT FCP MEP COLE (Ours)
AA 184.0 + 17.5 | 168.0 + 15.4 176.6 + 15.0 167.3 + 5.8 185.3 + 15.1 | 258.7 + 16.4
CC 56.7 + 9.2 52.0 £+ 14.0 63.4 + 10.5 50.0 £+ 16.1 90.6 + 10.1 112.6 £ 7.6
CR 162.0 4+ 10.0 168.0 + 5.0 194.0 £ 10.1 | 178.0 £ 16.1 | 153.4 £ 125 172.7 + 4.2
COR 120.7 &+ 11.0 | 139.4 + 10.1 130.7 + 6.2 160.7 + 7.2 153.4 + 4.6 156.6 &+ 3.2
FC 18.0 + 4.6 40.6 £+ 10.3 42.0 £ 7.2 304 £54 44.6 £ 7.0 53.9 + 14.9

4.2 Al partner evaluation

Enhancing open-source LLM performance using CausalPlan We first evaluate whether CausalPlan
effectively enhances the collaborative capabilities of open-source LLMs across varying scales. As illustrated in
Fig. 3 and detailed in Appx. Tab. 6, CausalPlan leads to consistent performance gains across all evaluated
backbones. Notably, we observe significant improvements in Qwen-14B (29.04%) and Llama-70B (22.42%),
suggesting that the integration of causal constraints is particularly effective for models with higher reasoning
capacities. From a layout perspective, the most substantial boosts were in CR (20.83%) and COR (19.13%).
These results demonstrate that CausalPlan effectively mitigates planning failures even in larger models,
confirming its potential to enhance agent performance at scale by grounding LLM heuristics in causal logic.

Comparison with state-of-the-art RL baselines. To assess the competitive standing of our approach, we
benchmark our top-performing agent (with Llama-70B backbone) against the set of SOTA baseline RL agents.
As presented in Tab. 1, CausalPlan consistently ranks among the top performers, securing the highest score
in three out of five layouts and the second-highest in one other layout. The most significant performance gaps
between our method and the next best baseline are observed in the AA layout, showing a 39% advantage.
This layout requires agents to specialize and coordinate based on physical constraints—a task for which
causal modeling is ideally suited. Overall, these results highlight that integrating causal reasoning allows
open-source LLMs to not only close the gap with specialized RL agents but, in many complex scenarios,
significantly surpass them.

4.3 Human partner evaluation

To evaluate the effectiveness of CausalPlan in human-centric scenarios, we conducted a series of experiments
using human proxy partners developed through BC to simulate the varied playstyles and potential sub-
optimality of human agents. As illustrated in Fig. 1(c), our agent, utilizing Llama-70B, outperforms all
established baselines. On average across all layouts, CausalPlan achieves a 30% improvement over the
base ProAgent framework and surpasses COLE, the strongest RL baseline, by approximately 31%. This
performance leap suggests that grounding the LLM’s high-level planning in learned causal constraints allows
the agent to navigate unpredictable coordination patterns of human-like partners with fewer logical errors.
To verify the reliability of these observed improvements, we performed a rigorous statistical analysis using
paired t-tests and corresponding p-values on the results of Al-partner evaluations. The results, detailed in
Appendix B.5, demonstrate that CausalPlan consistently yields higher ¢-values than ProAgent when compared
against the top-tier RL methods. A direct comparison reveals that the performance gains are statistically
significant at the p < 0.05 level in 30% of the tested cases, specifically in the CR-P0, AA-P1, and COR-P1
configurations. An additional 30% of cases exhibit marginal significance with p-values ranging between 0.05
and 0.2. Crucially, the inclusion of the CausalPlan module does not result in performance degradation in any
configuration, reinforcing the conclusion that the integration of causal knowledge provides a robust advantage
for multi-agent coordination.
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Table 2: Performance comparison between the non-causal supervised baselines (MEPgyigea an1d MEPpackup),
and CausalPlan.

Layout | MEPgudeda | MEPpackup | CausalPlan
AA-P1 207.34+19.4 | 257.34+9.2 | 266.7T £16.7
CC-P1 80.3 £9.2 90.7 £ 12.9 112.0+6.9

4.4 Comparison to non-causal supervised conditional models

To assess whether CausalPlan contributes structural guidance beyond behavioral imitation, we evaluated two
non-causal baselines trained on the same MEP data to estimate P(a; | s¢,a¢—1). These baselines serve as
supervised conditional models that reproduce the empirical behavior policy without incorporating causal
structure, sparsity, or explicit dependency constraints. As shown in Tab. 2, integrating this conditional
model with the Llama-70B backbone—which alone achieves 248.0 on AA-P1 and 89.3 on CC-P1—did not
improve coordination performance. Specifically, averaging action probabilities (MEPgyideq) led to substantial
degradation, with scores dropping by 16.4% and 10.1%, respectively. This suggests that directly coupling
the backbone with a non-causal imitation model can anchor decision-making to the limitations of the
underlying demonstrations. In settings where the behavior policy mg is weaker than the backbone model,
this imitation bias can become detrimental, as it steers the backbone toward suboptimal actions rather than
enabling stronger reasoning. By contrast, using the same model solely as a recovery mechanism (MEPpackup)
yielded moderate gains, but remained significantly less effective than CausalPlan. The performance gap
highlights a key distinction: whereas MEPyackup primarily filters infeasible actions, CausalPlan introduces an
interpretable sparse dependency structure that captures temporal and contextual relationships among action
components. In complex coordination tasks, respecting these dependencies is as important as maintaining
physical feasibility.

4.5 Causal graph transferability

To evaluate the transferability of causal graphs in the Overcooked domain, we tested whether a causal
graph learned from the aa layout could be reused in other layouts when paired with the collaborative agent
COLE. The objective was to assess whether CausalPlan captures reusable structural dependencies rather
than layout-specific patterns. As shown in Table 3, the transferred causal graph remains competitive across
all evaluated layouts. On average, the transferred graph achieves approximately 94% of the native graph’s
performance, indicating that much of the learned structural knowledge is preserved even when deployed
outside its original training environment. While native graphs generally provide the strongest results, the
transferred graph demonstrates only moderate degradation in most cases, and even slightly outperforms
the native graph in the CC layout. Compared to the no-graph baseline, both native and transferred graphs
provide clear performance gains in most settings. In particular, the transferred graph substantially improves
results in CC and FC, where it exceeds the no-graph baseline by large margins. Although the gap is narrower
in COR, the transferred graph remains competitive, suggesting that the learned causal structure contributes
meaningful planning guidance beyond what can be achieved without an explicit graph. These findings suggest
that the causal representations learned by CausalPlan are not merely overfitted to a single configuration,
but instead encode reusable planning structure that can generalize across related layouts. However, this
transferability is expected to hold primarily in environments that share the same underlying factorization or
structural dependencies. In other words, successful reuse depends on the target environment preserving the
causal relationships captured in the source graph. Although transfer does not fully match the effectiveness of
native graphs, the strong retention of performance and consistent advantage over no-graph baselines highlight
the practical utility of graph reuse in reducing the need for retraining in structurally aligned environments.

4.6 Impact of CausalPlan components

We investigate the individual contributions of the CausalPlan components to isolate the drivers of performance.
The results are summarized in Tab. 4. We first compare the standard single-prompt setup (combining
observation analysis and planning) against our dual-prompt architecture. As shown in Tab. 4, performance
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Table 3: Transferability of causal graphs in Overcooked using a graph learned from the aa layout with the
collaborative agent COLE.

Layout  No Graph Native Transfer (aa) Retention (%)
CcC 93.3 £80.8 140.0 £ 34.6 146.7 £94 104.8
COR 106.7 £ 61.1 120.0 £ 69.2 100.0 + 43.2 83.3
FC 13.3 £ 11.5 30.0 + 20.0 26.7 + 18.9 89.0

Table 4: Ablation studies of CausalPlan components using Llama-8B on CR layout. Detailed table is in
Appx. Tab. 10

Methods Average Results
1-Prompt (ProAgent) 110.7 £ 12.8
2-Prompt 121.3 £ 2.3
CausalPlan (no CBP) 141.3 £ 12.9
CausalPlan (Full) 150.7 + 2.3

between the two configurations is nearly identical. This marginal difference confirms that the primary
performance gains stem from the integration of causal knowledge rather than the prompting structure itself.
We then evaluate the impact of the Causal Backup Plan module. CausalPlan without the backup mechanism
still outperforms the two-prompt baseline by 27%, but falls 7% short of the full framework. This gap
underscores the importance of the backup policy in ensuring robustness; it successfully recovers the agent
from scenarios where the LLM fails to generate a valid action.

4.7 Benefits of causal integration

We analyzed the behavior of Llama-8B in the CR layout, where CausalPlan achieves a substantial +36.1%
improvement. Our findings reveal two primary mechanisms through which causal integration enhances
planning. (1) Physically/Temporally invalid actions. As shown in Tab. 5, the baseline agent frequently
attempts to pick up onion while its hands are occupied, violating the environment’s physical constraints.
CausalPlan reduces these invalid actions by 18%, while simultaneously increasing valid interactions by 17%.
This shift demonstrates that the framework does not merely prune impossible actions; it actively promotes
temporally coherent behavior. (2) Poor coordination. Coordination failures are similarly mitigated (see
Appx. Tab. 12). In scenarios where the partner already carries an onion and the pot is nearly full, the baseline
often selects redundant and conflicting pickup actions. With CausalPlan, such occurrences drop to zero. This
elimination suggests that the agent effectively internalizes teammate states.

5 Related Work

Reasoning and planning with LLM agents. The rise of LLMs has enabled applications in both single-
and multi-agent settings. The works in a single-agent setting focus on improving reasoning through chain-of-
thought prompting (Wei et al., 2022; Kojima et al., 2022), self-consistency (Wang et al., 2022), and problem
decomposition (Zhou et al., 2022). LLMs have also been applied to robotic planning (Ahn et al., 2022)
and reflection-based learning (Shinn et al., 2023). While earlier works like Zhu et al. (2024) and Qiao et al.
(2024) try to improve single-agent planning, recent research has shifted toward multi-agent cooperation.
Frameworks like Park et al. (2023) and Li et al. (2023a) utilize manual perception and role-playing to facilitate
coordination and communication. ReAd (Zhang et al., 2025) employs advantage-weighted selection to refine
agent plans within the action-reward manifold; CaPo (Liu et al., 2025) relies on iterative linguistic discussion
for coordination, and ELHPlan (Ling et al., 2025) optimizes efficiency through intention-bound action
sequences. CausalPlan distinguishes itself by extracting and enforcing the structural causal dependencies
between environmental states and multi-agent actions.
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Table 5: Number of picking up onion actions under valid and invalid preconditions. CausalPlan effectively
suppresses actions that violate physical constraints while increasing valid calls.

State Without Graph With Graph
Occupied Hand (Invalid) 14 10
Empty Hand (Valid) 20 33

Zero-shot multi-agent coordination. Zero-shot multi-agent coordination aims to train agents that can
collaborate with unseen partners, human or Al. A classic method is Self-Play (SP) (Tesauro, 1994; Carroll
et al., 2019), where agents train by interacting with themselves. Population-Based Training (PBT) (Jaderberg
et al., 2017) promotes learning by diversifying the population of training agents. Recent methods combine SP
and PBT to increase diversity, such as FCP (Strouse et al., 2021) and MEP (Zhao et al., 2023). COLE (Li
et al., 2023b) shifts focus to strategic policy selection during training, but are often computationally intensive
and lack interpretability. Zhang et al. (2024a) demonstrated that LLMs can excel in these tasks by leveraging
vast linguistic prior knowledge. Nevertheless, LLMs lack causal reasoning ability (Joshi et al., 2024; Chi et al.,
2024). We address this limitation by proposing a causal-aligned planning approach that grounds LLM action
selection in environmental constraints.

Causality in decision making. Causality has received increasing attention for improving Al decision-
making. In single-agent domains, counterfactual methods are used for data augmentation (Pitis et al., 2020;
2022). Corcoll & Vicente (2020) leverage causality to construct variable hierarchies. Zhang et al. (2023b)
redistribute rewards based on causal impact. Seitzer et al. (2021) incorporate causal signals into reward
shaping. Peng et al. (2022) learns causal graphs to define hierarchical RL subgoals. More recently, efforts
have focused on integrating causality into LLM planning by directly providing the causal graph as part of the
LLM prompt (Chen et al., 2025; Yu & Lu, 2025). In multi-agent settings, social influence has been used
as causality to promote cooperation (Jaques et al., 2019), while subsequent work employs action influence
and redistribution of rewards to encourage coordinated behaviors (Du et al., 2024; Zhang et al., 2024b).
CausalMACE (Chai et al., 2025) targets multi-LLM-agent collaboration, prompting an LLM to infer a causal
graph from task descriptions and rules, and was designed specifically for Minecraft gameplay. In contrast,
CausalPlan does not require the LLM to infer the graph; instead, it learns the causal structure from data
and integrates it directly into the decoding process, making it more robust across different models and
environments.

6 Conclusion and future works

We introduced CausalPlan, a framework that grounds LLM decoding in causal knowledge to enhance multi-
agent cooperation. Our experiments demonstrate that while the SCA model is trained on a single behavior
policy, it generalizes effectively to diverse partner agents and various spatial configurations. By integrating
learned causal constraints, CausalPlan improves the robustness of LLMs. This work marks a significant step
toward making LLM-based agents safer and more interpretable in complex environments. Future research
could investigate combining this structural approach with causal prompting or developing layout-agnostic
SCA models to further improve the generalizability and efficiency of multi-agent coordination.

7 Broader impact statement

This work represents an important foundational step toward integrating causal reasoning into multi-agent
planning with large language models (LLMs). Our causality-driven framework aims to improve the safety,
efficiency, and interpretability of collaborative AI systems by enabling agents to better understand the
consequences of their states and actions. Although primarily exploratory and not yet intended for real-world
deployment, the results demonstrate promising potential for advancing multi-agent coordination.

At this stage, we do not expect any direct negative societal impacts, as the framework requires further
development and validation before practical use. Nevertheless, as autonomous multi-agent systems mature,
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concerns related to fairness, reliability, misuse, and broader ethical implications will become increasingly
important. Addressing these challenges through responsible design, transparency, and rigorous evaluation
will be critical to ensure the safe and trustworthy deployment of such systems in the future.
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