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Abstract
Large language models have revolutionized agent planning by
serving as the engine of heuristic guidance. However, LLM-
based agents often struggle to generalize across complex en-
vironments and to adapt to stochastic feedback arising from
environment–action interactions. We propose Counterfactual
Planning—a method designed to improve the generalizability
and adaptability of agents’ actions by inferring causal rep-
resentations of environmental confounders and performing
counterfactual reasoning over planned actions. We formalize
the agent planning process as a structural causal model, pro-
viding a mathematical formulation for causal analysis of how
environmental states influence action generation and how ac-
tions affect future state transitions. To support generalizable
action planning, we introduce the State Causality Evaluator
(SCE), which dynamically infers task-conditioned causal rep-
resentations from complex environment states; and to enhance
adaptability under stochastic feedback, we propose the What-
If-Not (WIN) reward, which performs counterfactual interven-
tions to refine actions through causal evaluation. We validate
our framework in an open-world environment, where experi-
ments demonstrate improvements in both action generalization
and planning adaptability.

Introduction
Large language models (LLMs)—such as DeepSeek
(DeepSeek-AI 2024, 2025), GPT (OpenAI 2024a,b), and
LLaMA (Touvron et al. 2023)—have changed agent planning
by serving as the heuristic engine of agents in embodied intel-
ligence (Wu et al. 2023b; Feng et al. 2025) and multi-agent
systems (Tan et al. 2025). Unlike conventional reasoning
tasks, such as language understanding (Elazar et al. 2021),
knowledge inference (Saikh et al. 2022; Fu et al. 2024), or
mathematical logic (Ding et al. 2019a, 2020; Cobbe et al.
2021)—which typically involve static inputs and determinis-
tic reasoning, agent planning introduces unique challenges
characterized by long-horizon decision-making under dy-
namic, partially observable, and stochastic environments.
These environments often feature dynamically evolving struc-
tures and interactive feedback (Qian et al. 2025). As a result,
even minor planning errors can rapidly compound across se-
quential steps, leading to significant deviations from intended
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plans (Liu et al. 2024) and eventual task failures (Luo et al.
2024; Zhang et al. 2024a). Therefore, an open challenge is
to effectively harness the reasoning capabilities of LLMs to
support precise and generalizable agent planning in complex,
dynamic environments (Bai et al. 2025; Feng et al. 2025).

From both philosophical and cognitive perspectives, un-
derstanding causality is fundamental-if not the ultimate ob-
jective—for understanding how humans learn from and in-
teract with the physical world (Pearl 2009; Ding et al. 2018,
2019b; Kaddour et al. 2022; Fu et al. 2025). Inspired by
this view, causal learning has been extensively integrated
into reinforcement learning (RL) and agent planning, as it
enables reasoning about the consequences of actions in dy-
namic environments (Gupta et al. 2024), as shown in Figure
1(a). Recent advances explore the incorporation of causal rea-
soning into LLM-based agent planning (Zhang et al. 2024b;
Chen et al. 2024; Ashwani et al. 2024), often by equipping
LLMs with static causal knowledge derived from external
priors or manually annotated structures. Representative ap-
proaches include Causal-aware LLMs (Chen et al. 2025),
which construct task-specific causal templates by assuming
access to predefined environment causal graphs. Similarly,
CausalFM (Ma et al. 2025) adopts Bayesian causal inference
based on static factorization structures. While these methods
demonstrate the value of causal priors, they remain funda-
mentally limited by their reliance on immutable or externally
provided causal knowledge. We refer to them as Static-Causal
LLM Planning (as shown in Figure 1(b)). Such limitations
hinder the ability to update causal representations during
planning, making it difficult to capture latent or dynamic
confounders—environmental factors that simultaneously in-
fluence both observations and action outcomes—especially in
open-ended, partially observable domains (Feng et al. 2025).
As a result, these approaches lack the generalizability to
dynamically infer causal representations or to adapt agent
actions based on corresponding stochastic feedback. These
limitations reveal a gap in existing LLM-based agent plan-
ning methods, giving rise to two key challenges:
1. How can we enable generalizable agent planning across

complex, dynamic environments by causally representing
environmental confounders?

2. How can we achieve adaptive action planning under
stochastic feedback resulting from environment-action
interactions through causal reasoning?
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Figure 1: Comparison of Existing Approaches and Our Method: (a) Reactive LLM Planning: LLMs assist RL agents in
interacting with the environment. (b) Static-Causal LLM Planning: LLMs leverage fixed, externally defined causal priors to
guide planning. (c) Dynamic-Causal LLM Planning (Ours): LLMs dynamically infer causal representations and perform
counterfactual reasoning, enabling generalization and adaptive action planning in complex, dynamic environments (Env).

To address these challenges, we propose Counterfactual
Planning—a causal reasoning framework that enhances LLM-
based agent planning by incorporating causal representations
of environmental confounders and counterfactual reason-
ing over planned actions, thereby enabling Dynamic-Causal
LLM Planning (as illustrated in Figure 1(c)). We formalize
the planning process as a Structural Causal Model (SCM),
enabling causal analysis over how environmental states in-
fluence action generation and how actions affect subsequent
state transitions. Building on this formulation, we introduce
the State Causality Evaluator (SCE) to improve planning
generalization. SCE targets the action generation compo-
nent of the SCM, dynamically inferring task-specific causal
representations from complex environment states to iden-
tify latent confounders and inject interpretable causality into
the agent’s decision process. To enhance adaptability under
stochastic feedback, we design the What-If-Not (WIN) re-
ward, which focuses on the state transition component of
the SCM. WIN leverages counterfactual interventions to as-
sess the causal advantage of actions in influencing future
states, enabling real-time adaptation of planning based on
fine-grained causal feedback. We validate Counterfactual
Planning across a diverse set of 22 tasks in the open-world
Crafter environment. Empirical results demonstrate consis-
tent improvements in both generalization and adaptability
over standard LLM-based planning methods, highlighting
the benefit of integrating dynamic causal representation and
counterfactual reasoning into LLM-based agent planning.
Our main contributions are:

1. We formulate the LLM-based agent planning process as a
Structural Causal Model (SCM), enabling explicit causal
analysis over both action generation and state transitions
in complex, dynamic environments.

2. To support generalization across diverse environments,
we design the State Causality Evaluator (SCE), which
operates on the action generation component of the SCM
by dynamically injecting interpretable causality into the
action planning.

3. To improve planning adaptability, we introduce the What-
If-Not (WIN) reward, which targets the transition function
component of the SCM, enabling agents’ adaptation to
environmental stochastic feedback.

Preliminaries

To provide a formal basis for the subsequent development of
our framework, we describe the agent–environment interac-
tion using the Factored Markov Decision Processes (FMDPs),
which formalize how agents make sequential decisions under
task-conditioned, partially observable environments. We then
present Structural Causal Models (SCMs) as a mathematical
model for causal analysis of the planning process.

FMDP Formulation for LLM-Based Agent Planning

LLM-based agents operate in partially observable, stochastic
environments over multiple time steps. We formalize this pro-
cess as a Factored Markov Decision Process (FMDP), where
each task is specified by a natural language instruction that
conditions both policy decisions and environment dynamics.

Formally, an FMDP is defined as a tuple ⟨L,S,A,F ,R⟩,
where L denotes the space of natural language tasks, and
each task l ∈ L induces a grounded MDP with: a state space
S , action setA, transition function Fl : S ×A → ∆(S), and
reward function Rl : S × A → R. Here, Fl(s, a) denotes
the task-specific stochastic transition function, capturing the
uncertainty in state transitions resulting from executing action
a in state s under task l.

We assume that the LLM-based agent encodes prior con-
text through its evolving hidden state, serving as an implicit
memory across time steps. At time t, the policy πθ generates
an action conditioned on the current state st and the task
instruction l:

at ∼ πθ(· | st, l), rt = Rl(st, at), st+1 ∼ Fl(· | st, at).
(1)
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Structural Causal Model (SCM)
To model the underlying decision and transition mechanisms
in agent planning, we adopt the formalism of a Structural
Causal Model (SCM) (Pearl 2009). An SCMM is defined
as a 3-tuple ⟨V,U,F⟩, where V denotes a set of endogenous
variables, U a set of exogenous variables, and F a set of
deterministic structural functions. Each function fi ∈ F
maps a subset of variables to an endogenous variable vi ∈ V:

fi : Vpai × Ui 7→ vi, where Vpai ⊆ V, Ui ⊆ U.
The SCM induces a causal graph—typically a directed

acyclic graph (DAG)—where each variable vi is causally
influenced by its parents Vpai . Given a causal graph induced
by the SCM, the joint observational distribution factorizes
along its structure as:

f(V | U) =
∏
vi∈V

fi(vi | Vpai ,Ui).

Mathematical Formalization: Structural
Causal Modeling for Agent Planning

We represent the LLM-based agent planning process as Struc-
tural Causal Models (SCMs). The reward function is ex-
cluded from the structural causal model, as it serves as a post
hoc evaluation signal that does not causally influence state
transitions or decision processes.

We define the agent planning SCMMAP as a composition
of two sub-models that capture the agent’s decision and the
environment’s response mechanisms, respectively:

• Action SCM:M(a) = ⟨V(a),U(a),F(a)⟩

V(a) = {at | t = 0, . . . ,K − 1},
U(a) = {st, l | t = 0, . . . ,K − 1},
F(a) = {πθ}, at ∼ πθ(· | st, l).

Here, the LLM-based policy πθ maps the current state and
task to an action, where K represents the total number of
decision steps considered in a single trajectory and at has
no parent variables.

• Transition SCM:M(s) = ⟨V(s),U(s),F(s)⟩

V(s) = {st | t = 0, . . . ,K − 1},
U(s) = {at | t = 0, . . . ,K − 1},
F(s) = {fst+1

}, st+1 ∼ fst+1
(· | st, at).

The function fst+1
models the environment’s dynamic

transition. For brevity, we omit the condition l in fst+1
.

Together, the action SCMM(a) and transition SCMM(s)

jointly define the agent planning model MAP. Under this
formulation, the observational distribution of each sub-model
factorizes according to its internal causality:

f(V(·) | U(·)) =
∏

vt∈V(·)

f
(·)
t (vt | Vpat ,Ut), (·) ∈ {a, s},

where f (a)t corresponds to the agent’s action distribution (e.g.,
πθ(at | st, l)), and f (s)t models the environment’s stochastic

Figure 2: Counterfactual Planning begins with the task de-
scription and current observation as inputs. The SCE en-
hances the state with causal representations, which is then
used by the planner to generate actions. Meanwhile, the WIN
module simulates counterfactual actions and evaluates their
outcomes to refine planning. The selected action is executed
in the environment, and the resulting feedback closes the loop
for continual causal reasoning and adaptation.

transition dynamics (e.g., fst+1
(· | st, at)). This completes

the structural definition ofMAP, providing a modular causal
representation of both the agent’s decision process and the
environment’s dynamics.

Method: Counterfactual Planning
Grounded in the formulationMAP, we now present Counter-
factual Planning, a framework designed to enhance both gen-
eralization and adaptability in LLM-based agent planning by
combining causal representation inference with counterfac-
tual reasoning. This framework (as shown in Figure 2) com-
prises two complementary modules—each corresponding to
one sub-SCM inMAP. State Causality Evaluator (SCE) en-
hances generalization underM(a), while What-If-Not (WIN)
reward enables adaptive planning underM(s).

Problem Formulation
Within the SCM formalismMAP = M(a) ∪M(s), LLM-
based planning can be causally decomposed into two com-
ponents: action generation governed by M(a), and state
transition governed byM(s). Despite the expressive capacity
of LLMs, agents still encounter two fundamental planning
challenges in dynamic environments:

• Causal Generalization under Latent Confounders: In
M(a), actions are generated by at ∼ πθ(· | st, l), where
both the task l and state st are exogenous inputs. Since
interventions cannot be directly performed on l and st,
generalization relies on uncovering and leveraging latent
causal factors within st. Particularly, as l remains fixed
during each episode, enriching the causal representation of
st becomes essential for producing generalizable actions.

• Causal Adaptation under Stochastic Feedback: In
M(s), transitions follow st+1 ∼ fst+1

(· | st, at), where
stochasticity in the transition dynamics makes it difficult
to assess the effectiveness of actions based solely on ob-
served outcomes. To adapt effectively, the agent must
reason over the counterfactual interventions to at.
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We now formalize these challenges as planning problems:
Definition 1 (Causal Generalization Problem). The Causal
Generalization Problem refers to the challenge of generat-
ing generalizable actions under the action SCM M(a) by
inferring and utilizing latent causal representations over con-
founder variables embedded in the environment state st.
Definition 2 (Causal Adaptation Problem). The Causal Adap-
tation Problem refers to the challenge of adapting actions
under the transition SCMM(s) by leveraging counterfactual
interventions to assess the causal advantage of actions at on
stochastic transition outcomes st+1 ∼ fst+1

(st, at).

Inferring Causal Representations via State
Causality Evaluator
To solve the Causal Generalization Problem (Definition 1),
we introduce the State Causality Evaluator (SCE)—a mod-
ule that enhances the causal informativeness of st by infer-
ring task-conditioned causal representations from complex
environment states conditioned on the task l. By embedding
task-conditioned causal representations into the input, SCE
enables generalized action generation underM(a).

As illustrated in Figure 3, the SCE includes three steps:
symbolic decomposition, task-conditioned grounding, and
causal representation inference.

1. Symbolic Decomposition. We first extract symbolic rep-
resentations from the environment state and task instruction:
fdecomp : L × S → 2C × 2V , (Ct,Vt) = fdecomp(l, st),

where C and V denote the global concept and variable
universes, and 2C , 2V are their power sets. Here Ct = {ci} ⊆
C and Vt = {vj} ⊆ V are the subsets extracted at time t.

2. Task-Conditioned Grounding. This step refines the
symbolic representations by aligning them with task seman-
tics. It is composed of two sub-steps:
• (a) Concept Identification: Given the initial concept set
Ct and task instruction l, we define an identifying func-
tion:

fconcept : L × 2C → 2C , C′t = fconcept(l, Ct),
where C′t ⊆ Ct retains only those identified symbolic
concepts that are causally relevant to l.

• (b) Variable Characterization: Using the identified con-
cept set C′t and the candidate variable set Vt, we define a
characterization function:

fvar : 2
V × 2C → 2V , V ′

t = fvar(Vt, C′t),
where V ′

t ⊆ Vt contains task-relevant variables that are
semantically aligned with some ci ∈ C′t.

3. Causal Representation Inference. Given the task-
conditioned sets V ′

t and C′t, SCE infers a binary causal adja-
cency matrix:

finfer : 2
V × 2C × L× S → {0, 1}|V

′
t|×|V′

t|,

CRt = finfer(V ′
t, C′t, l, st),

(2)

where CRt[i, j] = 1 indicates a directed causal edge v′i →
v′j under context (l, st). The adjacency matrix CRt defines
the symbolic causal representation of confounder variables’
causal graph in st conditioned on the current task.

Causal Representation Injection into Policy Context To
inject the inferred causal representations into the agent’s
decision process, we augment the input state to the policy
model as follows:

sSCE
t = Augment(st,CRt), at ∼ πθ(· | sSCE

t , l),

where Augment is a function that concatenates the origi-
nal state st with the causal representation CRt inferred by
the SCE. The causally-Enriched state representation sSCE

t en-
ables πθ to reason over learned causal dependencies, thereby
supporting generalizable action generation underM(a).

Counterfactual Reasoning via What-If-Not Reward
To address the Causal Adaptation Problem (Definition 2), we
propose the What-If-Not (WIN) reward, enabling counterfac-
tual evaluation of actions at under the transition SCMM(s).
WIN estimates the causal influence of each action through
counterfactual simulations, facilitating more adaptive plan-
ning in the presence of stochastic environmental dynamics.

Counterfactual Interventions under Transition SCM
We formalize the structured counterfactual interventions in
WIN over the action input at to the transition mechanism
fst+1 within the Transition SCM M(s). To operationalize
this, we define the intervention function:

fintv : S ×A× L×Ψ→ A, ã
(ψ)
t = fintv(st, at, l, ψ)

where ψ ∈ Ψ denotes the intervention type from a discrete
set Ψ = {wait,opp,ran}, and Ãt = {ã(ψ)t }ψ∈Ψ denotes
the set of counterfactual actions induced by applying fintv
over different ψ.

We define three canonical intervention types:
• Wait (ψ = wait): A null operation that simulates inac-

tion:

ã
(wait)
t = fintv(st, at, l,wait) = anoop ∈ A,

where anoop denotes a special no-op action in the action
space. In practice, this corresponds to skipping an action
at time t, resulting in no interaction with the environment.

• Opposite (ψ = opp): An inverse behavior defined over a
symbolic action space:

ã
(opp)
t = fintv(st, at, l,opp) = finv(at),

where finv applies a symbolic inversion using a predefined
mapping (e.g., left 7→ right, build 7→ destroy).

• Random (ψ = ran): A random alternative sampled from
the task-conditioned action set:

ã
(ran)
t = fintv(st, at, l,ran) ∈ Avalid(l) \ {at}.

In practice, a random action is sampled from the valid
action set without regard to its utility for the current task.

Each counterfactual action ã(ψ)t is executed in the transi-
tion function to yield a corresponding counterfactual state:

s̃
(ψ)
t+1 ∼ fst+1

(· | st, ã(ψ)t ).

Note that s̃(ψ)t+1 is not used to compute r̃(ψ)t directly; it is used
to validate each counterfactual transition.
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Figure 3: State Causality Evaluator (SCE) injects task-conditioned causality into the agent’s decision context. Given a task
instruction (e.g., “Defeat Skeleton”) and the current environment state, SCE performs symbolic decomposition to extract
concepts such as EnemyPresence, ProximityToEnemy, and ResourceOpportunity, which are grounded to entities
like Skeleton, Arrow, Iron, and Coal. Through variable characterization and causal representation inference, SCE infers
a symbolic causal representation (e.g., Skeleton → PlayerHealth, Arrow → CombatOpportunity) that reflects
confounding relationships underM(a). This graph is then injected into the policy input as an enriched causal state sSCE

t , enabling
πθ to reason over structural dependencies and generate actions that generalize across diverse tasks and contexts

Counterfactual Causal Effect Estimation Let rt =
fR(st, at) denote the factual reward. For each counterfactual
action ã(ψ)t ∈ Ãt, we compute the counterfactual reward:

r̃
(ψ)
t := fR(st, ã

(ψ)
t )

Finally, we define the WIN score as the sigmoid-based
causal advantage:

rWIN
t :=

1

|Ψ|
∑
ψ∈Ψ

σ(rt − r̃(ψ)t ), where σ(x) =
1

1 + e−x
.

The sigmoid function σ provides a smooth measure of causal
advantages over each counterfactual intervention, ensuring
bounded comparison in stochastic environments. It avoids
false positives in action revision and reflects whether at is
causally optimal within the realistic intervention space Ãt.
Action Adaptation via Counterfactual Feedback If the
causal advantage score rWIN

t ≤ 0.5, the agent initiates an
action adaptation step, as this suggests that the “what-if-not”
actions could potentially achieve higher outcomes, induc-
ing the agent to revise its plan in favor of more effective
alternatives.

anew
t ∼ πθ

(
· | st, (at, rt, Ãt, rWIN

t ), l
)
.

Counterfactual Planning Algorithm
Counterfactual Planning operates over the structural causal
model MAP = M(a) ∪ M(s), which provides the causal

foundations for action generation and transition evaluation.
The full process is summarized in Algorithm 1.
Note: In this work, the functions fdecomp, fconcept, fvar, finfer,
and fintv are implemented via LLM-based prompt query-
ing. To minimize performance variability arising from model
capacity, each function is explicitly embedded into a well-
scoped prompt with fixed structure, output format, and role
instruction, serving as a functional abstraction over LLM
behavior. Alternative implementations—such as symbolic
parsing (Sheth, Roy, and Gaur 2023) or neural extractors
with structural priors (Karpas et al. 2022)—are also possible.

Experiment
To rigorously evaluate the effectiveness of our Counterfactual
Planning framework, we conduct experiments in the open-
ended Crafter environment. Our goal is to assess whether
causal modeling and counterfactual reasoning can enhance
the generalization and adaptability of LLM-based agents in
dynamic, partially observable, and multi-task settings.

Our agent is built upon Qwen2.5-72B-Instruct (Team
2024), integrated with the proposed SCE and WIN modules.
All experiments are run on an 8×RTX A6000 GPU cluster.
We implement counterfactual planning using an LLM-based
prompt query; see Appendix for details.

Experimental Environment: Crafter
Crafter (Hafner 2022) is a 2D Minecraft-inspired environ-
ment characterized by partial observability, stochastic feed-
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Algorithm 1: Counterfactual Planning

Require: Policy πθ, reward function fR, transition model
fst+1

, task instruction l, planning horizon K
1: Initialize state s0
2: for t = 0, 1, . . . ,K−1 do
3: // Causal Representation Inference underM(a)

4: (Ct,Vt)← fdecomp(l, st)
5: C′t ← fconcept(l, Ct)
6: V ′

t ← fvar(Vt, C′t)
7: CRt ← finfer(V ′

t, C′t, l, st)
8: sSCE

t ← Augment(st,CRt)
9: at ∼ πθ(· | sSCE

t , l)
10: rt ← fR(st, at)
11: // Simulated Counterfactual Evaluation via WIN
12: Ãt = {ã(ψ)t ← fintv(st, at, l, ψ) | ψ ∈ Ψ}
13: for each ã(ψ)t ∈ Ãt do
14: r̃

(ψ)
t ← fR(st, ã

(ψ)
t )

15: end for
16: rWIN

t ← 1
|Ψ|
∑
ψ∈Ψ σ(rt − r̃

(ψ)
t )

17: if rWIN
t ≤ 0.5 then

18: anew
t ∼ πθ(· | st, (at, rt, Ãt, rWIN

t ), l)
19: at ← anew

t
20: end if
21: st+1 ∼ fst+1(· | st, at)
22: end for

back, and a structured achievement system with 22 predefined
goals. Agents operate on a 64× 64 map with a 9× 7 field of
view, interacting with natural resources (e.g., trees, coal, iron),
hostile entities (e.g., zombies), and craftable items. Solving
tasks requires long-horizon planning involving sequential
exploration, resource collection, crafting, and combat. These
properties make Crafter a challenging testbed for planning un-
der uncertainty. For counterfactual evaluation, we implement
WIN using a cloned simulation environment that replicates
the current state and evaluates each counterfactual action in-
dependently. This ensures factual trajectory integrity while
enabling offline estimation of counterfactual outcomes.

Evaluation Metrics
We evaluate agent performance using two key metrics: the
success rate of individual achievements and the overall
achievement score. The latter is computed as the geometric
mean of success rates across the 22 tasks:

Score = exp

(
1

N

N∑
i=1

ln(1 + si)

)
− 1,

where si is the success rate for the i-th achievement. This
metric penalizes uneven performance and rewards agents that
generalize across all tasks.

Baselines
To evaluate the effectiveness of our framework, we compare
it against a diverse set of baselines covering RL, LLM-based
agents, human heuristics, and causality-aware methods. All

baselines are chosen for strong performance under limited
training budgets (e.g., 1M environment steps) and represent
key paradigms in Crafter planning.

(1) Reinforcement Learning Agents. We include widely
used RL methods in Crafter, such as the value-based agent
Rainbow (Hessel et al. 2018), model-based planners Dream-
erV3 (Hafner 2022) and Curious Replay (Kauvar et al. 2023),
and policy-gradient methods like PPO (ResNet) (Moon et al.
2024) and LSTM-SPCNN (Stanić et al. 2022), which intro-
duce spatial or recurrent inductive biases.

(2) LLM-based and Causality-Aware Methods. We com-
pare against AdaRefiner (Zhang and Lu 2024), a prompt-
based LLM agent with adaptive refinement, and Causal-aware
LLMs (Chen et al. 2025), which use static causal reasoning
to assess the impact of explicit counterfactual modeling.

(3) Human and Rule-Based References. We include scores
from Human Experts (Hafner 2022) as performance upper
bounds, and rule-based systems such as SPRING (Wu et al.
2023a) and Achievement Distillation (Moon et al. 2024),
which exploit domain knowledge or structured rewards.

Results and Analysis
The experimental results in Table 1 and Figure 4 demon-
strate the effectiveness of our Counterfactual Planning (CP)
framework across a wide range of tasks in the Crafter environ-
ment. Compared with RL-based agents and LLM-based plan-
ners, our method achieves consistently higher task success
rates, especially on complex, multi-step goals that require
long-term causal reasoning. This confirms the advantage of
explicitly integrating structural causal modeling into the plan-
ning process. In contrast to Causal-aware LLMs (Causal
LLMs), which inject static causal priors or heuristic sym-
bolic prompts without adapting to feedback, our framework
performs dynamic causal inference during interaction. The
SCE extracts task-specific causal representations from the
current state, while the WIN conducts stepwise counterfac-
tual evaluations to quantify causal advantage. Together, these
components enable the agent to discover latent confounders,
revise actions, and adaptively refine its decision-making pro-
cess under stochastic transitions. As shown in Figure 4, this
leads to superior performance in semantically challenging
tasks where prior methods often fail due to limited causal
representation.

Compared to approaches like Achievement Distill or
SPRING, which rely on fixed domain priors, our method
maintains performance gains even on semantically complex
goals, such as multi-step crafting and exploration. This re-
flects its ability to iteratively refine structural understanding
and adapt to task uncertainty over time.

Ablation Study
We conduct ablation experiments to evaluate the contribu-
tions of the SCE and the WIN. Results in Table 2 show
that removing either component causes notable performance
drops, validating their respective roles: SCE enhances gen-
eralization via task-conditioned causal representation, while
WIN enables adaptive refinement via counterfactual evalua-
tion. When both modules are removed, performance degrades
to the level of standard LLM-based RL agents, indicating
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Metric Ours RL-based

CP CP Rainbow PPO (ResNet) DreamerV3 Curious Replay LSTM-SPCNN

Score (%) 20.4 ± 0.72 36.1 ± 0.4 4.3 ± 0.2 15.6 ± 1.6 14.77 ± 1.6 19.4 ± 1.6 12.1 ± 0.8
Steps 1M 5M 1M 1M 1M 1M 1M

Metric LLM-based / Causal-aware Human / Rule-based

AdaRefiner AdaRefiner Causal LLMs Causal LLMs Achievement Distill. Human Expert SPRING

Score (%) 15.8 ± 1.4 28.2 ± 1.8 18.9 ± 0.53 33.6 ± 0.02 21.8 ± 1.4 50.5 ± 6.8 27.3 ± 1.2
Steps 1M 5M 1M 5M 1M 0 0

Table 1: We report the average success rate (%) across 22 diverse tasks at two training steps (1M and 5M) to evaluate generalization
and efficiency. The table is divided into three major categories: (i) our method (CP, short for Counterfactual Planning), (ii)
reinforcement learning baselines, and (iii) language-model-based and human/rule-based planners. Our method consistently
outperforms RL-based agents, such as PPO and DreamerV3, at both early (1M) and later (5M) stages, demonstrating superior
sample efficiency and planning quality. Compared to LLM-based and causal-aware baselines (e.g., AdaRefiner, Causal LLMs),
CP yields significant gains. Notably, human experts still outperform all methods, but CP narrows the gap more than any neural
baseline. The scores are reported as mean ± standard deviation over 5 random seeds. Our results highlight the effectiveness of
integrating causal modeling and counterfactual reasoning into LLM-based action planning.

Figure 4: Per-task success rates across 22 Crafter achievements under different methods.

Method (@1M) Score (%)
Counterfactual Planning 20.4 ± 0.72
Ours w/o SCE 16.44 ± 0.08
Ours w/o WIN 17.82 ± 0.13
Ours w/o SCE and WIN 15.6 ± 1.66

Table 2: Ablation study at 1M steps showing the impact
of removing the SCE and WIN modules. Both components
contribute to performance improvements.

that SCE and WIN are not only effective in isolation but also
structurally complementary in supporting causal planning.
Together, SCE and WIN provide a structurally integrated
mechanism for both generalization and adaptability.

Conclusion
We presented Counterfactual Planning, a dynamic causal rea-
soning framework for enhancing LLM-based agent planning

in complex, stochastic environments. We define a Structural
Causal Model formulation to enable principled modeling
of how environment states influence action generation and
how actions affect subsequent state transitions. To instantiate
this framework, we introduced two key components: (1) the
State Causality Evaluator, which constructs task-conditioned
causal representations from environment observations to sup-
port generalizable planning, and (2) the What-If-Not (WIN)
reward, which performs structured counterfactual interven-
tions to refine the actions based on stochastic transitions.
Empirical results on the Crafter confirm that our method out-
performs RL- and LLM-based baselines across a range of
tasks and training regimes.

We hope this work provides useful insights for explorations
into incorporating causality into foundation model–based
agent planning systems, not only by demonstrating empirical
gains in challenging open-world environments, but also by
offering a general causal formulation that can be extended to
other tasks, architectures, and domains where robust, inter-
pretable, and adaptive decision-making is required.
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