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Abstract
Large language models (LLMs) have shown great
potential in decision-making due to the vast amount
of knowledge stored within the models. How-
ever, these pre-trained models are prone to lack rea-
soning abilities and are difficult to adapt to new
environments, further hindering their application
to complex real-world tasks. To address these
challenges, inspired by the human cognitive pro-
cess, we propose Causal-aware LLMs, which in-
tegrate the structural causal model (SCM) into the
decision-making process to model, update, and uti-
lize structured knowledge of the environment in a
“learning-adapting-acting” paradigm. Specifically,
in the learning stage, we first utilize an LLM to
extract the environment-specific causal entities and
their causal relations to initialize a structured causal
model of the environment. Subsequently, in the
adapting stage, we update the structured causal
model through external feedback about the environ-
ment, via an idea of causal intervention. Finally, in
the acting stage, Causal-aware LLMs exploit struc-
tured causal knowledge for more efficient policy-
making through the reinforcement learning agent.
The above processes are performed iteratively to
learn causal knowledge, ultimately enabling the
causal-aware LLMs to achieve a more accurate un-
derstanding of the environment and make more effi-
cient decisions. Experimental results across 22 di-
verse tasks within the open-world game “Crafter”
validate the effectiveness of our proposed method.

1 Introduction
With the advancement of large language models (LLMs)
like Generative Pre-trained Transformer (GPT) [Brown et al.,
2020] and Large Language Model Meta AI (LLAMA) [Tou-
vron et al., 2023], these models have demonstrated significant
potential in the realm of decision-making [Sun et al., 2023;
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Figure 1: Comparison of Existing Approaches and Our Method:
Previous works use (a) RL agents alone or (b) LLMs to assist RL
agents in interacting with the environment. In (c) our Causal-aware
LLMs framework, we incorporate causal knowledge about the en-
vironment to enhance the LLM’s ability to understand it, thereby
supporting RL agents in more effectively interacting with the envi-
ronment and improving policy learning.

Yao et al., 2023]. However, the primary focus of these pre-
trained models is to predict the next token based on the exist-
ing data, limiting their ability to reason structurally and adapt
to new environments. These limitations hinder their effec-
tiveness in real-world, complex decision-making tasks. As a
result, effectively leveraging the capabilities of LLMs to solve
complex tasks remains an ongoing research problem.

To enhance LLMs’ reasoning abilities and environmental
adaptability, one promising approach is to incorporate rein-
forcement learning (RL) techniques. As shown in Figure 1(a),
the RL agents alone methods [Kiran et al., 2021; Kober et
al., 2013; Shao et al., 2019] involve an agent interacting with
its environment by selecting actions based on its current state,
receiving rewards or penalties, and adjusting its strategy with
the goal of maximizing long-term rewards. To improve an
agent’s ability to extract and interpret environmental data, the
methods using LLMs to assist RL agents [Du et al., 2023;
Baumli et al., 2023; Zhang and Lu, 2024], have explored inte-
grating LLMs to help the agent better understand the context
of its environment, thereby enhancing its policy learning (see
Figure 1(b)). Despite this advancement, these approaches still
rely on the next-token prediction paradigm, which limits the
agent’s capacity for structured reasoning and rapid adapta-
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tion to unfamiliar or complex environments. This gap high-
lights the need for more advanced inherent knowledge man-
agement mechanism that go beyond token prediction and fa-
cilitate deeper reasoning and flexibility in decision-making
processes.

The human cognitive processes (e.g. System 1 & 2 ) offer
valuable insights into addressing the aforementioned limita-
tions [Kahneman, 2011]. Intuitively, when interacting with
a new environment, System 1 (intuitive, fast) and System
2 (analytical, slow) work in concert to acquire and process
knowledge effectively. As humans adjust to the environment
through actions, System 2 carefully evaluates feedback and
refines strategies, while System 1 handles increasingly famil-
iar aspects. Through iterative interactions, humans continu-
ously refine their strategies based on environmental feedback,
gradually transforming complex analytical processes into in-
tuitive responses. This cognitive architecture suggests the ne-
cessity of a knowledge representation mechanism that sup-
ports both rapid retrieval and deliberate reasoning. Specif-
ically, two key challenges arise: 1) how to represent and
learn knowledge to understand the environment, and 2) how
to adaptive update knowledge and reason to solve complex
tasks in dynamic environments.

Based on the above analysis, we find that Structural Causal
Models (SCMs) offer a robust framework for knowledge pre-
sentation and further provide a potential mechanism for rea-
soning and adaptive learning. To this end, we introduce a
causal-aware LLMs framework (illustrated in Figure 1(c)),
which integrates SCMs into LLMs to improve their ability
to understand environments, acquire new knowledge, and
adapt through dynamic interactions. The framework con-
sists of three key stages: learning, adapting, and acting. In
the learning stage, the LLM extracts causal knowledge from
the environment to build an initial causal representation. In
the adapting stage, we address potential inaccuracies in the
causal relationships—often arising from the LLM’s tendency
to generate hallucinated information—by applying causal in-
tervention techniques to refine the causal graph iteratively.
This intervention ensures the model better captures the true
structure of the environment. Finally, in the acting stage,
the updated causal relationships are integrated into both the
LLM and the RL agent, enhancing the agent’s understand-
ing of the environment and improving its policy learning.
This iterative cycle allows the LLM and RL agent to col-
laboratively refine their knowledge and strategies, optimiz-
ing decision-making until the desired rewards are achieved.
This approach promotes more robust and adaptive decision-
making, enabling the model to tackle complex, real-world
tasks effectively. Experimental results across 22 diverse tasks
in the open-world game “Crafter” demonstrate the efficacy of
our proposed method in improving decision-making.

2 Related Work
2.1 LLM for Causality
Numerous scholars have conducted extensive research on
whether large language models are capable of understand-
ing causal relationships, which can be divided into exploring
LLMs’ understanding of causal knowledge and using them to

construct causal graphs. Research such as [Gao et al., 2023;
Ashwani et al., 2024; Chen et al., 2024] have shown that
LLMs can handle some basic tasks related to causal graphs,
but they struggle with more complex and nuanced tasks.
While LLMs can mimic causal language, they need more ex-
plicit knowledge and reasoning mechanisms to truly under-
stand causal relationships.

[Zhang et al., 2024] use LLMs to recover causal graphs by
retrieving relevant text, using LLMs to identify factor asso-
ciations, and aggregating these relationships. But their effec-
tiveness is limited without a causal discovery algorithm. Hal-
lucination also limits LLMs’ ability to handle causal knowl-
edge due to the lack of mechanisms to validate and constrain
their generated causal relationships. We propose a unique
technique that leverage causal intervention to refine and val-
idate the causal relationships generated by LLMs, ensuring
they align with environment-specific causal structures and
improving their utility in downstream applications.

2.2 LLM for Reinforcement Learning

Recent studies have investigated the integration of LLMs into
RL, particularly for reward generation and the use of fine-
tuning LLMs for policy optimization. These methods lever-
age the power of pre-trained LLMs to guide RL agents in
complex tasks. For reward generation, [Du et al., 2023] pro-
posed a framework called ELLM, which generates potential
goals relevant to the agent’s current state using LLMs, of-
fering a structured approach to reward shaping. Similarly,
[Baumli et al., 2023] explored the use of Vision-Language
Models (e.g., CLIP) to derive rewards for RL agents target-
ing language-specified visual goals.

For fine-tuning LLMs, [Zhang and Lu, 2024] introduced
AdaRefiner, which utilizes a fine-tuned LLM as an adapter to
refine task understanding based on agent feedback, enhancing
the collaboration between LLMs and RL agents. Although
existing methods have demonstrated a certain degree of ef-
fectiveness, whether LLMs can adapt to diverse environments
remains a pressing challenge. To address this issue, we pro-
pose a framework that integrates SCM to enhance the adapt-
ability of LLMs in complex and dynamic environments.

2.3 Reinforcement Learning

Reinforcement learning aims to learn an optimal policy to
maximize the expected cumulative reward, fundamentally op-
timizing the decision-making process through trial and er-
ror. Common approaches include value-based methods and
policy-based methods. Value-based methods such as Q-
learning [Watkins, 1989], DQN [Mnih et al., 2013], and
DDQN [Lillicrap et al., 2015] find the optimal policy by esti-
mating the value of states or state-action pairs. Policy-based
methods such as PPO [Schulman et al., 2017], TRPO [Schul-
man et al., 2015], A2C, and A3C [Mnih et al., 2016] directly
optimize the policy rather than finding it through a value func-
tion. [Hafner et al., 2023] introduced a general reinforcement
learning algorithm named DreamerV3. DreamerV3 improves
its behavior by learning an environment model and imagining
future scenarios, achieving cross-domain learning.
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Figure 2: Our framework consists of three stages. In the learning stage, we use LLMs to learn causal knowledge among variables from the
data collected from the environment. In the adapting stage, we update the causal knowledge by causal intervention, where sit represents the
state of object i at time t and ai denotes the action performed by an agent. In the acting stage, we use LLM to assist the RL agent in policy
learning by acting based on the learned causal knowledge for decision-making.

3 Preliminary
3.1 Causal Structural Model
Structural causal models (SCMs) are commonly represented
using causal graphs [Pearl and Mackenzie, 2018; Cai et al.,
2024]. A causal graph is comprised of a set of causal vari-
ables, denoted as V, which serve as the nodes, and a set
of causal edges, represented as E, which connect these vari-
ables, forming the edges of the graph. This can be formally
expressed as G(V,E). A causal edge from variable vi to
variable vj indicates that vi is a direct causal factor for vj .
Within our framework, we conceptualize objects in the envi-
ronment and player-related information as nodes within the
causal graph.

3.2 Causal Intervention
In causal inference, an intervention involves applying a
change to a system or process to see how this change affects
other variables or outcomes, defined as P (vj | do(vi = v)),
where do() denotes the do-operator [Pearl, 2009; Pearl and
Mackenzie, 2018], which represents forcing vi = v and ob-
serving the resulting changes in vj . As shown in Figure 3,
before the intervention, the causal effect propagates through
vk → vi → vj . By intervening on the variable vi, all incom-
ing edges to vi are removed, and the causal effect flows solely
through vi → vj . Intervention helps us understand and con-
firm causal relationships, not just correlations. By examining
the environmental feedback of interventions, we can better
understand how variables are related, which helps us evaluate
and predict the real influence of actions on a system, aiding
both research and decision-making.

Figure 3: Causal intervention

4 Problem Formulation
In this work, we aim to leverage causality to enhance the
ability of LLM to understand the environment for effec-
tive decision-making. Given the inherent uncertainty and
partial observability in real-world environments, we utilize
a Partially Observable Markov Process (POMDP) [Sondik,
1971], which characterizes the interaction dynamics between
an agent and the environment. Formally, a POMDP is de-
scribed as a 7-tuple (S,A, P,Ω, O, γ,R). Here, s ∈ S repre-
sents the state of the environment, a ∈ A denotes an action
sampled from a goal-conditioned policy π [Liu et al., 2022].
The state transition probability P (s′ | s, a) specifies the like-
lihood of transitioning to a new state s′ after taking action a
in the current state s. The observation o ∈ Ω is determined
by the observation function O(o | s′, a), which provides the
probability of o given the next state s′ and the action a. The
reward function R(s, a) quantifies the reward attained from
executing action a in state s, thereby reflecting the agent’s
benefit from specific actions. The discount factor γ modu-
lates the significance of future rewards in present decision-
making, where a higher γ value indicates a greater emphasis
on long-term rewards.
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Algorithm 1 Causal-aware LLMs Framework

Require: Observations o
Ensure: Policy π

1: for i in train epoch do
2: Learning Stage: Learning a causal graph of the cur-

rent environment information using a LLM from o.
3: Adapting Stage: Updating causal graph G using

causal interventions.
4: Acting Stage: Using the updated G to assist in guiding

the RL agent’s policy learning.
5: end for

Given the above setup and definitions, we propose a novel
approach, causal-aware LLMs. Specifically, it first lever-
ages the LLM to infer a causal graph G . This causal graph
is continuously refined through iterative causal interventions
(detailed in Section 4.3). The dynamically updated causal
knowledge is then leveraged to generate a goal, which guides
the RL agent in policy optimization. Therefore, our primary
objective is to design a policy π(a | o, goal,G) that incorpo-
rates the goal derived from the causal graph G, which maxi-
mizes the cumulative reward. This causal-aware mechanism
enables the agent to make informed decisions by incorporat-
ing causal relationships within the environment.

5 Method
5.1 Framework
In this section, we provide a causal-aware LLMs framework
that leverages causal knowledge to facilitate policy learning
in the interaction between the LLM and the RL agent, which
enhances the reasoning and adaptive ability of LLM. As il-
lustrated in the Figure 2, our proposed framework contains
three stages: 1) Learning for obtaining causal knowledge; 2)
Adapting for updating causal knowledge; and 3) Acting for
causal-aware decision making.

In detail, in the Learning Stage, for the initial environment,
we first provide the textual information of the environment
to the LLM, which learns the causal variables and an ini-
tial causal graph between those variables. In this stage, the
causal graph may contain some inaccurate causal relation-
ship due to LLM’s hallucinations. In the Adapting Stage,
to update the inaccurate causal relationship, we make use of
the idea of causal intervention to adapt. If an agent acts to
change the state of a variable si, then the states of the other
variables change, which indicates that si is the ancestor of
those other variables, This idea is incorporated into LLM to
let it update the causal graph according to the textual data.
In the Acting Stage, based on the learned causal knowledge,
another LLM will generate a sub-goal according to the over-
all achievements the agent needs to accomplish. Driven by
this sub-goal, the agent will do a series of actions for learning
policy to obtain a reward in the environment. This causes a
state transition and may update the information of the envi-
ronment. The new environment information will be regarded
as the input to LLM and the procedure is entered into the lat-
est iteration. The procedure of our framework is summarized
in Algorithm 1.

Figure 4: An example of learning causal knowledge from LLM.

5.2 Learning: Obtaining Causal Knowledge from
LLMs

To obtain causal relationships, we begin by extracting causal
relations from the environment, which are subsequently used
to construct a causal graph G. In the context of a dy-
namic system, we collect the observations ot over a series
of processes from the environment, which can be converted
into textual representations. We employ in-context learning
with few-shot prompting to leverage the LLM’s pre-trained
knowledge for extracting causal relations: relations =
LLM(ot, prompt). Based on the learned causal relations
sit → sjt (i, j = 1, 2, . . . , n i ̸= j), a causal graph G
is constructed. Formally, the causal graph can be repre-
sented as a causal matrix M. Specifically, the matrix element
M[i][j] = 1 indicates the presence of a causal relationship
between the causal variables sit and sjt , while M[i][j] = 0 in-
dicates its absence. Note that in this stage, the causal knowl-
edge may be incomplete or incorrect, due to the limited rea-
soning ability of the pre-training framework of LLM. And the
incorrect causal knowledge will be refined in the following
updating stage. Detailed information on the prompt design is
provided in Appendix A.9.

Example. An example of the learning stage procedure is
illustrated in Figure 4. Based on current observation, LLM
first extracts the causal relations including tree → wood,
wood → wood pickaxe, tree → stone. These relations
are then used to construct a causal graph.

5.3 Adapting: Updating Causal Knowledge from
Environment Feedback

To update the causal knowledge, we first verify the correct-
ness of the learned causal relations through causal interven-
tion [Pearl, 2009] and environmental feedback, followed by
the relationship updating process.

To facilitate causal relationship verification, we design a
valid environment Valid Env through a three-step process.
First, we construct an independent verification environment
separate from the primary training environment. Second, we
configure this environment to specifically support the agent’s
verification of causal relationships. Third, we disable model
parameter updates during the verification process, ensuring
that the agent evaluates causal relationships using only its cur-
rently learned policy.
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Subsequently, within this environment, we prompt the
LLM to generate an appropriate goal based on the unverified
relations and use this goal to sample actions at. We apply the
action at to the causal variable vit as an intervention and ob-
serve the changes in the effect variable vjt+1 at the subsequent
time step t + 1. After executing the action at on vit (denoted
as do(vit)), we evaluate whether p(vjt+1 | do(vit)) = p(vjt+1 |
vit) holds. If it holds, it indicates that there is no causal re-
lationship between those two variables; otherwise, a causal
relationship exists. Through this approach, we can verify the
correctness of unverified causal relationships. This mecha-
nism enables the LLM to dynamically update the causal graph
based on environmental feedback, ensuring the accuracy of its
causal understanding.

Example. In the Crafter environment, to update the causal
relation between causal variables tree and wood, we first
generate a valid environment. In the generated environment,
we will place a tree at each of the four corners of the eight
squares surrounding the agent. Then, a well-trained agent
will perform an action: chop tree. Finally, we check the sta-
tus of wood. In such a case, its value will change, which
means that the causal relation between tree and wood is cor-
rect. According to the result, we will update the causal knowl-
edge as tree → wood.

5.4 Acting: Causal-aware Decision Making
To enable causal-aware exploration and decision-making, we
leverage the causal knowledge acquired through the previous
two stages and propose a goal-guided acting framework that
integrates this knowledge with LLMs. The framework incor-
porates causal relationships into the decision-making process
to guide both goal generation and policy learning.

First, inspired by goal-conditioned policy learning, we de-
compose complex tasks into multiple sub-goals while re-
specting the causal relations encoded in G. This decomposi-
tion establishes a hierarchical structure that supports gradual
task completion while maintaining causal consistency. The
goals can be represented in various forms, such as “reaching
a specific location”, “collecting a designated item” or “com-
pleting a specific sequence of tasks”. As illustrated in the
Acting Stage in Figure 2, we utilize LLM to generate appro-
priate goal: goal = LLM(prompt,G), where the generation
is explicitly guided by the causal knowledge captured in G.

Subsequently, the agent executes actions at through a
causal-aware policy: at ∼ π(at | st, goal,G), where the
policy π is trained to maximize rewards while considering
causal constraints. To address the challenge of sparse rewards
during early training stages, we introduce a reward enhance-
ment mechanism that leverages semantic alignment. Specif-
ically, we augment the standard reward function with an ad-
ditional reward term, computed as the cosine similarity be-
tween the embeddings of the current goal and environmental
observations. This semantic alignment reward provides dense
feedback signals that facilitate more efficient exploration and
decision-making based on the underlying causal model.

Example. Consider the Crafter environment as an exam-
ple. After updating the causal relations between tree and
wood as tree → wood, if the goal generated by LLM is

“obtaining wood”, the agent’s policy recognizes that wood
acquisition causally depends on the presence of trees. Con-
sequently, the action is sampled as either chop tree or
find tree. When the agent executes these actions under the
causal constraint (i.e., first finding a tree, then chopping it),
it receives positive rewards, which reflects that it makes an
efficient decision.

6 Experiment
6.1 Environment Setting
We use Crafter environment [Hafner, 2022] and Meta-Llama-
3-8B-Instruct as our based LLM to evaluate the performance
of our framework. All experiments are conducted on an
NVIDIA GeForce 4090 with 24G 1.
Environment Details. Crafter is a 2D version of Minecraft,
with a game map size of 64×64 and a player’s field of view
of 9×7. The environment contains various interactive objects
including natural resources (e.g., trees, iron blocks), hostile
entities (e.g., zombies), and craftable items. The primary ob-
jective for players is to collect and create various items cate-
gorized on an achievement tree, aiming to unlock as many
achievements as possible. The partial observability of the
environment, coupled with the need for long-term planning
and resource management, makes Crafter particularly suit-
able for evaluating our framework’s causal reasoning capa-
bilities. Further details about Crafter can be found in the Ap-
pendix A.8.
Evaluation Metrics. To evaluate the effectiveness of our
proposed framework, we assess the agent’s capabilities
through its performance in the Crafter environment. Specifi-
cally, we focus on two key metrics: success rate, and overall
score. The success rate measures the frequency with which
the agent unlocks various achievements during training. The
overall score reflects the agent’s balanced performance across
all tasks, computed using the geometric mean of individual
achievement success rates:

Score = exp

(
1

N

N∑
i=1

ln(1 + si)

)
− 1, (1)

where N is the total number of achievements that need to be
unlocked. In the Crafter environment, N = 22. We adopt
the geometric mean rather than the arithmetic mean because
it better reflects the agent’s balanced performance across all
achievements, being more sensitive to underperformance in
any single task. These metrics collectively demonstrate not
only the agent’s proficiency in specific skills but also indi-
cate our framework’s effectiveness in facilitating causal un-
derstanding and strategic decision-making in complex envi-
ronments.

6.2 Baselines
To provide a thorough evaluation context for our framework,
we conduct comprehensive comparisons against three cate-
gories of current state-of-the-art methods:

1The code is available at: https://github.com/DMIRLAB-Group/
Causal-aware LLMs
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LLM-based Methods. We compare our method with clas-
sical reinforcement learning methods that incorporate LLMs,
including React [Yao et al., 2023], Reflexion [Shinn et al.,
2023] and AdaRefiner [Zhang and Lu, 2024], which lever-
age the text generation and reasoning capabilities of LLMs to
enhance RL agents. These comparisons aim to demonstrate
that leveraging causal models for environmental understand-
ing can enhance LLM’s reasoning abilities and adaptability
to novel environments.

RL-based Methods. We also compare our method with
RL methods mentioned in the Crafter benchmark, includ-
ing classic approaches such as PPO (Resnet version) [Moon
et al., 2024], DreamerV2 [Hafner et al., 2020], DreamerV3
[Hafner et al., 2023] and Rainbow [Hessel et al., 2018]. Both
DreamerV2 and DreamerV3 try to understand the environ-
ments to enhance decision-making capability of agent. Rain-
bow integrates multiple improvement methods, which signif-
icantly enhances the algorithm’s performance. These com-
parisons aim to validate that the integration of LLMs and
causal models enables environmental understanding, thereby
improving decision-making performance.

Additional references. These methods are based on ad-
ditional references, including the results of human experts
[Hafner, 2021], SPRING [Wu et al., 2024], and random ex-
periments. SPRING explores the use of games and puzzles to
cultivate and study people’s reasoning abilities, including the
reasoning processes in games like Crafter and Minecraft, as
well as reasoning strategies in general puzzles and problem-
solving games. These comparisons aim to validate the ef-
fectiveness of understanding environmental mechanisms in
decision-making.

6.3 Results and Analysis
In the experimental results, for methods without publicly
available implementations, we reference performance metrics
from their original publications, maintaining consistency in
experimental protocols and evaluation frameworks wherever
possible. Table 1 and Figure 5 demonstrate the performance
of our methods and baseline methods.

According to Table 1, our method significantly outper-
forms all baseline methods except for human experts and
SPRING. These results strongly indicate that incorporating
causal modeling into causal-aware LLMs enables the agent to
develop a more comprehensive understanding of the environ-
ment’s underlying mechanics. This enhanced understanding
not only accelerates policy learning but also significantly im-
proves the agent’s ability to handle complex scenarios. While
SPRING shows competitive performance in the one-million-
step evaluation, primarily due to its advantage of leverag-
ing pre-defined game rules and environmental knowledge as
prior information, our method demonstrates more compelling
long-term benefits. Specifically, in the early training stages,
our approach faces initial challenges in causal learning and
graph updates due to insufficient training. However, the five-
million-step results reveal a notable performance improve-
ment, where our method surpasses SPRING. This superiority
can be attributed to the agent’s enhanced ability to perform
the acting stage to interact with the environment, and the it-
erative adapting stage to refine the causal graph, which leads

Method Type Method Score (%)

Ours Causal-aware LLMs (@1M) 18.9 ± 0.53
Causal-aware LLMs (@5M) 33.6 ± 0.02

RL-based

Rainbow(@1M) 4.3 ± 0.2
DreamerV2(@1M) 10.0 ± 1.2
DreamerV3(@1M) 14.77 ± 1.42

PPO(Resnet)(@1M) 15.6 ± 1.66

LLM-based

ReAct(GPT-4)(@1M) 8.3 ± 1.2
Reflexion(GPT-4)(@1M) 11.7 ± 1.4

AdaRefiner(@1M) 15.8 ± 1.4
AdaRefiner(@5M) 28.2 ± 1.8

Additional refs
Human Experts 50.5 ± 6.8

SPRING(+prior)(@1M) 27.3 ± 1.2
Random(@1M) 1.6 ± 0.0

Table 1: Scores (mean ± std) of our method and baselines on 22
Crafter tasks.

Method (@1M) Score (%)
Causal-aware LLMs 18.9 ± 0.53
Ours w/o learning 14.89 ± 0.75
Ours w/o adapting 14.67 ± 0.73
PPO (ResNet) 15.6 ± 1.66

Table 2: Ablation study of causal-aware LLMs.

to a more accurate and deeper understanding of the environ-
ment’s mechanism.

Regarding the success rates of obtaining different achieve-
ments, as illustrated in Figure 5, our method shows signifi-
cant improvements in unlocking and achieving deeper accom-
plishments as the number of training steps increases. Specif-
ically, we observe that with a deeper understanding of the
environment, the agent’s ability to achieve more challenging
accomplishments also increases. This indicates that integrat-
ing environmental causal knowledge not only enhances the
agent’s understanding of the environment but also improves
the agent’s performance in complex environments.

6.4 Ablation Study
To evaluate the contribution of each stage in the causal-
aware LLMs framework, we conducted comprehensive ab-
lation studies. These experiments were specifically designed
to assess the impact of different stages in our proposed frame-
work, thereby providing insights into their combined effects
on the overall performance.

As illustrated in Table 2, when the causal graph model-
ing in the learning stage is absent, the framework’s decision-
making process lacks the guidance of the causal graph, signif-
icantly reducing its effectiveness. In this scenario, the agent
can only gradually adapt to the environment through RL pol-
icy learning.

When causal interventions for refining the causal graph
are absent, the results are even worse than those without the
learning stage. This is because incorrect causal relationships
not only fail to provide proper guidance for the decision-
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Figure 5: Success rates of obtaining 22 achievements in log scale.

making process but also introduce noise, misleading the RL
agent in its decision-making.

The PPO (Restnet) method is employed to evaluate the
contribution of integrating causal knowledge and LLMs into
RL agents. Without the assistance of LLMs and causal rea-
soning mechanisms, PPO (Restnet) exhibits substantially in-
ferior performance, particularly demonstrating notable de-
ficiencies in decision-making and reasoning capabilities.
These comparative experiments highlight the significant per-
formance gains achieved through the integration of causal
knowledge and LLM components into the RL framework.

Therefore, these results further demonstrate the importance
of causal knowledge in understanding environmental mecha-
nisms and enhancing decision-making capabilities, particu-
larly in complex decision-making tasks.

6.5 Convergence Analysis

We analyzed the convergence of the Causal-aware LLMs dur-
ing the training process. As shown in Table 3, since the causal
graph is not fully established in the early training stage, the
RL agent’s policy learning in the acting stage relies mainly on
reward signals. This stage accounts for only the first 10% of
the training cycle. As training progresses with the help of re-
ward signals, the agent gradually acquires basic skills, allow-
ing it to refine the causal graph accurately. At this point, the
agent begins leveraging accurate causal relationships to guide
policy learning, making its policy more accountable and ef-
fective in the acting stage.

We also analyzed the unlock times for several achieve-
ments, as illustrated in Figure 6. The results demonstrate that
our proposed method significantly accelerates the achieve-
ment unlocking process, outperforming the PPO (ResNet) by
approximately 0.2M training steps. While both approaches
showed comparable performance during the initial 0.1M
steps, the integrated causal knowledge in our method proved
increasingly advantageous as training progressed. This ad-
vantage became particularly evident in complex scenarios,
enabling the agent to master sophisticated achievements such
as “make iron pickaxe”.

Figure 6: Comparative score of Causal-aware LLMs and PPO
(ResNet) in achievement unlock times.

Steps range (Million) [0, 0.1] [0.1, 0.2] [0.2, 0.4] [0.4, 0.6] [0.6, 0.8] [0.8, 1]

Causal-aware LLMs 2.35 3.47 7.97 11.4 14.56 17.71
PPO (ResNet) 2.34 3.18 6.69 10.02 12.85 15.01

Gap +0.01 +0.29 +1.28 +1.38 +1.71 +2.70

Table 3: Performance across different training stages.

7 Conclusion

In this paper, we propose a Causal-aware LLMs framework
to enhance decision-making, by introducing the structural
causal model (SCM) into LLMs. The causal-aware LLMs
framework is based on the “learning-adapting-acting” man-
ner. These three stages iterate continuously until conver-
gence is achieved. Experimental results in the Crafter en-
vironment demonstrate that by utilizing causal knowledge,
the agent achieves substantial improvements in task execu-
tion and environmental adaptation, outperforming traditional
baseline methods. This implies the possibility that our ap-
proach can be applied to complex scenarios especially where
the causal mechanism can be modeled. However, during the
experiments, we found that in early training, the limited abil-
ity of the agent hinders accurate updates of causal knowledge
from environmental feedback. While LLM or domain pri-
ors help, performance remains poor without them. To ad-
dress this limitation, future work could dynamically adjust
the adaptation phase based on the agent’s learning progress.
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