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Abstract
Large Language Models (LLMs) have enabled
embodied agents to perform high-level plan-
ning, yet grounding language-based plans into
the physical world remains challenging. While
feedback-based closed-loop planning is the
dominant paradigm, existing methods typically
rely on a single scalar feedback signal, which
conflates physically infeasible actions that vi-
olate hard constraints with strategically sub-
optimal but valid choices. We identify this
structural limitation as Signal Confounding,
which leads to ambiguous feedback and unre-
liable plan correction. To address this issue,
we propose Decoupled Dual-Critic Guidance
(DDCG), a framework that explicitly disentan-
gles feedback into two complementary signals:
a Feasibility Critic (CF ) that enforces physi-
cal and logical executability constraints, and a
Quality Critic (CQ) that evaluates the strategic
value of feasible actions. This decoupled guid-
ance enables precise error attribution during
planning without requiring parameter updates
to the LLM planner. We provide a theoretical
interpretation of DDCG as critic-regularized
planning with hard feasibility constraints. Ex-
periments on two embodied planning bench-
marks, VirtualHome and ScienceWorld, show
that DDCG consistently improves plan exe-
cutability and task success, particularly in long-
horizon settings, highlighting the importance
of structured feedback for reliable LLM-based
planning.

1 Introduction

In recent years, the rapid advancement and
widespread deployment of Large Language Mod-
els (LLMs) have unlocked new possibilities for
embodied artificial intelligence. In particular, im-
provements in reasoning and planning capabilities
have positioned LLMs as promising task planners,
capable of decomposing high-level goals into ex-
ecutable action sequences for embodied agents.
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Figure 1: Compared to conventional closed-loop plan-
ning, DDCG disentangles error signals, enabling precise
and effective replanning.

However, real-world embodied tasks are governed
by complex physical constraints and logical depen-
dencies, posing fundamental challenges for reliable
task planning (Ahn et al., 2022; Zhang et al., 2026).
Empirical evidence shows that even recent large-
scale language models frequently generate plans
that are physically infeasible, logically inconsis-
tent, or factually incorrect (Huang et al., 2022a;
Wei et al., 2024). These failures underscore the
need for more reliable planning mechanisms for
embodied agents (Fu et al., 2024; Chang et al.,
2024).

While feedback-based closed-loop planning has
become the dominant paradigm for LLM-based em-
bodied agents, we argue that existing approaches
share a fundamental structural limitation. Specif-
ically, they reduce a multi-dimensional evalua-
tion over the state–action space—capturing fea-
sibility, strategic quality, and long-horizon conse-
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Figure 2: Overview of the Decoupled Dual-Critic Guidance (DDCG) pipeline. A base LLM planner proposes
candidate actions, which are first filtered by a Feasibility Critic (CF ) to remove infeasible actions and then evaluated
by a Quality Critic (CQ) to select strategically effective ones, mitigating signal confounding during planning.

quences—into a single, confounded feedback sig-
nal. This dimensionality collapse inevitably in-
duces information loss: feasibility violations (hard
constraint failures) and poor strategic choices (sub-
optimal but valid actions) become indistinguishable
to the planner. As a result, the agent cannot reliably
attribute errors to their underlying causes, leading
to inefficient or unstable plan refinement. We refer
to this failure mode as Signal Confounding.

To address this issue, we propose Decoupled
Dual-Critic Guidance (DDCG), a framework that
explicitly disentangles feedback signals by separat-
ing feasibility and strategic quality into two spe-
cialized critics. The Feasibility Critic (CF ) learns
a model of the environment’s hard physical and
logical constraints, pruning the action space to a
state-dependent safe set by enforcing constraint sat-
isfaction. The Quality Critic (CQ) learns a heuris-
tic value function that evaluates the strategic merit
of feasible actions with respect to task progress and
resource efficiency. This decoupled design enables
precise error attribution and targeted plan optimiza-
tion.

From a theoretical perspective, DDCG can be
viewed through the lens of constrained optimiza-
tion. The Feasibility Critic plays a role analogous
to a learned constraint function in a Constrained
Markov Decision Process (CMDP) (Altman, 2021),
defining a safe action subspace, while the Quality
Critic provides dense utility guidance within this
subspace.

Our contributions can be summarized as follows:
(1) We identify and formally define Signal Con-
founding as a structural obstacle arising from col-
lapsing multi-dimensional state–action evaluations
into a single scalar feedback signal in LLM-based
embodied planning. (2) We propose DDCG, a de-
coupled dual-critic framework that resolves this
issue by independently modeling feasibility and
strategic quality, enabling reliable error attribution
and robust closed-loop planning. (3) We demon-
strate through experiments on embodied planning
benchmarks that DDCG consistently improves both
plan executability and task success, particularly in
long-horizon and generalization settings.

2 Related Work

LLM-based Embodied Planning. Recent ad-
vances in large language models have moti-
vated their application to embodied planning
and decision-making tasks, where agents decom-
pose high-level goals into executable action se-
quences (Huang et al., 2022a; Chang et al., 2024;
Wu and Yang, 2026; Wen et al., 2026). Prior work
has explored both open-loop planning approaches,
which generate full plans without environment in-
teraction (Singh et al., 2023; Chen et al., 2021), and
closed-loop methods that iteratively refine plans
through feedback (Bai et al., 2024). Representative
closed-loop paradigms include self-feedback and
reflection-based methods, such as ReAct (Yao et al.,
2023) and Inner Monologue (Huang et al., 2022b),

9340



as well as their extensions that incorporate mem-
ory or iterative self-correction (Shinn et al., 2023;
Madaan et al., 2023; Qu et al., 2024). Other ap-
proaches introduce external guidance via discrimi-
nators or auxiliary models to improve planning reli-
ability (Qian et al., 2025; Chen et al., 2025). While
these methods improve planning performance, they
typically rely on a single feedback signal to guide
action selection, leaving different failure modes
implicitly conflated.

Guidance and Feedback for Decision-Making.
Beyond embodied planning, a growing body of
work studies how auxiliary feedback signals can
guide LLM decision-making at inference time.
Prior approaches have explored using learned re-
ward models, value estimators, or discriminators
to rank, filter, or critique candidate actions with-
out updating the underlying language model (Ahn
et al., 2022; Yang et al., 2025). Related studies
in agent self-critique and verifier-based reasoning
similarly rely on scalar feedback to steer genera-
tion (Madaan et al., 2023; Saunders et al., 2022).
However, these approaches generally compress fea-
sibility constraints and strategic utility into a sin-
gle scalar score, which can obscure the source of
errors during planning. In contrast, our work ex-
plicitly disentangles feasibility and quality signals,
demonstrating that separating hard constraints from
strategic evaluation enables more precise error at-
tribution and more robust planning behavior in em-
bodied environments.

3 Preliminary

CMDP formulation. We formulate embodied task
planning as a Constrained Markov Decision Pro-
cess (CMDP) (Altman, 2021), defined by the tuple
(S,A, P,R,C, γ), where S and A denote the tex-
tual state and action spaces, P (s′|s, a) the transi-
tion dynamics, R(s, a) the reward function, C(s, a)
a cost function, and γ the discount factor. The ob-
jective is to learn a policy π that maximizes ex-
pected cumulative reward while satisfying a cost
constraint.

In our setting, any action that violates physical or
logical rules is considered infeasible and assigned
a positive cost, while feasible actions incur zero
cost. We enforce strict safety by setting the cost
threshold to d = 0, which implies that a valid
policy must assign zero probability to infeasible
actions.

4 Method

This section presents DDCG, a framework for guid-
ing LLM-based embodied planning via structured,
decision-time feedback. As illustrated in Figure 2,
DDCG augments a frozen LLM planner with two
complementary critics that separately evaluate ac-
tion feasibility and strategic quality. We first intro-
duce the decoupled critic design (Section 4.1), with
structured supervision described in Section 4.2,
then describe how these critics are integrated into
an online planning loop via in-context adaptation
(Section 4.3), and finally provide a theoretical inter-
pretation grounded in critic-regularized optimiza-
tion with a policy improvement guarantee (Sec-
tion 4.4).

4.1 Decoupled Dual-Critic Guidance
As discussed in Section 1, existing feedback mech-
anisms for LLM-based planners suffer from a fun-
damental structural limitation that we term Sig-
nal Confounding. This issue arises from col-
lapsing a multi-dimensional evaluation over the
state–action space—capturing feasibility and strate-
gic quality—into a single scalar signal. As a result,
physically infeasible actions and suboptimal but
valid actions become indistinguishable, preventing
precise error attribution and effective replanning.

To address this limitation, we propose Decou-
pled Dual-Critic Guidance (DDCG), which ex-
plicitly factors feedback into two complementary
components: a feasibility critic and a quality critic.
By disentangling hard constraints from strategic
utility, DDCG restores the structure lost under
single-score guidance, as illustrated in Figure 1.

Feasibility Critic (CF ). The Feasibility Critic
CF : S × A → {0, 1} models hard physical
and logical constraints of the environment. Given
a state s and a candidate action a, CF predicts
whether the action is executable. Actions that vio-
late physical rules (e.g., placing an object without
holding it) or logical preconditions (e.g., opening
an already open container) are classified as infeasi-
ble. This effectively defines a state-dependent safe
action set

Asafe(s) = {a ∈ A | CF (s, a) = 1},

which prunes the action space to only those actions
that satisfy hard constraints.

Quality Critic (CQ). Conditioned on feasibility,
the Quality Critic CQ : S ×A → R evaluates the
strategic merit of feasible actions. It provides a
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dense, implicit reward signal rQ(s, a) = CQ(s, a)
that distinguishes among multiple valid options
based on their expected contribution to task com-
pletion and efficiency. For example, while many
actions may be feasible in a given state, actions that
advance the task goal receive higher quality scores.
In this way, CQ induces a smooth utility landscape
over the safe action set, guiding planning beyond
mere executability.

Importantly, neither critic alone is sufficient: CF

enforces hard safety constraints but cannot distin-
guish strategic quality, while CQ provides utility
guidance but relies on CF to prevent invalid actions.
Their decoupled integration is therefore essential
for resolving Signal Confounding.

4.2 Data Generation via Structured
Supervision

Recent advances in preference-based learning, such
as Direct Preference Optimization (DPO) (Rafailov
et al., 2023) and Implicit Preference Optimization
(IPO) (Garg et al., 2025), have demonstrated that
learning from relative preferences can be more sta-
ble than relying on explicitly specified rewards.
Inspired by this perspective, we design our data
generation process to construct structured super-
visory signals that encode structured supervisory
information aligned with the decoupled critic de-
sign of DDCG.

Instead of learning a single scalar reward, we de-
compose preference supervision along two orthog-
onal dimensions—feasibility and strategic qual-
ity—and generate tailored signals for the Feasi-
bility Critic CF and the Quality Critic CQ, respec-
tively. This construction ensures that each critic
learns a specialized decision boundary correspond-
ing to its role. Our critics are trained using standard
supervised objectives rather than pairwise prefer-
ence optimization.

Feasibility Supervision (CF ). The Feasibility
Critic is trained to learn a sharp decision bound-
ary over the safe action set Asafe(s). To provide
unambiguous supervision, we construct binary pref-
erence signals using two types of data:

• Expert actions, which are inherently feasible
and treated as positive examples.

• Hard negative actions, generated by apply-
ing rule-based perturbations that violate phys-
ical or logical preconditions (e.g., attempting
to put an object that is not held). These sam-

Algorithm 1 DDCG Planning with Feasibility and
Quality Checks
Require: LLM Planner, trained CF , trained CQ, threshold

τ , retry limit K
for retry = 1 to K do

Propose candidate action a← LLM-PLANNER(s, g)
if CF (s, a) = 0 then

Deliver infeasibility feedback to the LLM
continue

end if
scoreCQ ← CQ(s, a)
if scoreCQ ≥ τ then

Execute action a in the environment
break

else
Deliver low-quality feedback to the LLM

end if
end for

ples explicitly encode infeasible actions and
enforce hard environmental constraints.

Quality Supervision (CQ). In contrast, strategic
quality requires a dense, graded preference signal
over feasible actions. We therefore construct a con-
tinuous quality spectrum with fixed anchor points:

• Intermediate-quality actions, obtained by
generating multiple candidate actions for a
given state and ranking them by semantic simi-
larity to a high-quality reference action. These
actions provide relative preference supervi-
sion within the feasible set.

• Anchor actions, where expert actions define
the upper bound of the quality scale and hard
negative actions define the lower bound.

This structured construction yields complemen-
tary preference signals: CF enforces hard safety
constraints by filtering infeasible actions, while
CQ induces a smooth utility landscape over feasi-
ble actions for strategic guidance. Together, these
signals directly support the decoupled feedback
mechanism of DDCG. Additional details on data
distributions are provided in Section D.4.

4.3 Online Planning with Decoupled
Guidance

DDCG guides a frozen LLM planner through in-
context adaptation, enabling online plan refinement
without parameter updates. The planning process
follows a structured filter–then–evaluate decision
logic, as summarized in Algorithm 1. At each
decision step, the LLM proposes a candidate action,
which is then sequentially processed by the two
critics.
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System Prompt for Replanning:
You are a task planning assistant. Your goal is to complete: `put pancake in
microwave`. The current sub-goal is: `find pancake`.

Recent Failed Attempts:
I tried `[walk] <sofa> (1)` but it received a low score of 3. It was a bad move.
I tried `[walk] <desk> (2)` but it received a low score of 4. It was also a bad
move. 

Based on this, provide a better, single next action to take. Do not repeat the
failed actions. Your action must follow the format `[action] <object> (id)`.

Replanning Example

Figure 3: An illustrative prompt template for in-context
adaptation. When an action receives a low score from
CQ, the history of failures is explicitly added to the
LLM’s context to guide it towards a better alternative.

First, the Feasibility Critic (CF ) determines
whether the proposed action satisfies hard physical
and logical constraints. Infeasible actions are im-
mediately rejected and never executed. For actions
deemed feasible, the Quality Critic (CQ) evaluates
their strategic merit within the safe action set. Ac-
tions whose quality score falls below a threshold τ
are rejected as suboptimal.

When an action is rejected by either critic,
DDCG performs in-context adaptation by updating
the LLM’s prompt with explicit diagnostic feed-
back indicating the reason for rejection (Figure 3).
This feedback is accumulated in the action history
and conditions subsequent proposals, enabling the
LLM to refine its behavior over time without re-
training.

Only actions that pass both feasibility and quality
checks are executed in the environment. Their out-
comes and associated quality scores are appended
to the planning context, closing the online feedback
loop.

4.4 Theoretical Analysis

We provide a theoretical grounding of DDCG by
formulating it as a critic-regularized optimization
problem. Starting from a base LLM planner policy
πllm defined over the full action space A, the Fea-
sibility Critic CF induces a state-dependent safe
action set Asafe(s) by enforcing hard physical and
logical constraints, while the Quality Critic CQ pro-
vides a dense reward signal rQ(s, a) over feasible
actions.

Formally, for a given state s, the objective of
DDCG is to derive an improved policy πddcg that
maximizes the expected quality reward while re-

maining close to the base policy:

πddcg = argmax
π

Ea∼π(·|s)[rQ(s, a)]

− β DKL

(︂
π(·|s) ∥πllm(·|s)

)︂
,

(1)

subject to the hard constraint that the policy assigns
zero probability to actions outside Asafe(s).

Under this constrained optimization problem,
the optimal policy admits a closed-form solution.

Lemma 1. The optimal policy that solves the above
optimization problem is given by

π∗(a|s) =

⎧
⎨
⎩

πllm(a|s)
Z(s)

exp

(︃
rQ(s, a)

β

)︃
, a ∈ Asafe(s),

0, a /∈ Asafe(s),
(2)

where

Z(s) =
∑︂

a′∈Asafe(s)

πllm(a′|s) exp
(︃
rQ(s, a

′)

β

)︃

is the normalization factor.
This form makes explicit how feasibility and

quality influence the policy through distinct mecha-
nisms: feasibility restricts the support of the policy,
while quality reweights actions within the safe set.

Corollary 2. The resulting policy π∗ is a policy
improvement over the base policy πllm with respect
to the value function induced by rQ, i.e.,

Qπ∗
(s, a) ≥ Qπllm

(s, a),

for all (s, a) ∈ S ×Asafe(s).

The proof follows directly from standard results
in critic-regularized reinforcement learning and is
provided in Appendix A.

5 Experiments

We evaluate DDCG through a comprehensive set
of experiments designed to assess both its empir-
ical performance and its ability to resolve Signal
Confounding in LLM-based embodied planning.
We first introduce the experimental setup and eval-
uation protocol (Section 5.1), followed by the main
results on VirtualHome and ScienceWorld (Sec-
tion 5.2). We then present ablation studies that
validate the necessity and non-redundancy of the
decoupled critics (Section 5.3). Finally, we provide
decision-level analyses and qualitative case studies
to illustrate how decoupled feedback leads to more
reliable planning behavior (Sections 5.4 and 5.5).

9343



Method In-Distribution Novel Scenes Novel Tasks

Exec. SR Exec. SR Exec. SR

MLDT (Wu et al., 2024) 38.0 34.0 32.0 31.0 34.0 33.0
LID-ADG (Li et al., 2022) – 46.7 – 32.2 – 25.5
ProgPrompt (Singh et al., 2023) 87.3 82.3 38.7 32.3 49.7 49.0
Tree Planner (Hu et al., 2024) – – 89.3 41.7 90.3 52.3
Inner Monologue (Huang et al., 2022b) 79.7 79.3 54.3 53.3 47.3 46.0
DGAP-GPT4 (Qian et al., 2025) 93.3 88.0 71.7 62.7 73.7 72.2

DDCG-GPT4 (Ours) 95.0 94.1 75.6 73.6 83.3 81.8

Table 1: Main results on the VirtualHome benchmark. DDCG significantly outperforms all baselines, demonstrating
the effectiveness of decoupled criticism. All values are reported in percentage.

Model Short Medium Long Overall

TDT (Chen et al., 2021) 28.4 10.4 6.1 14.7
SayCan (Ahn et al., 2022) 43.8 36.6 23.7 33.8
ReAct (Yao et al., 2023) 48.8 44.0 21.1 36.4
Reflexion (Shinn et al., 2023) 71.5 35.4 30.2 45.3
SwiftSage (Lin et al., 2023) 92.2 77.8 83.0 84.7
DGAP (Qian et al., 2025) 90.8 81.8 84.5 85.9

DDCG (Ours) 91.2 84.3 85.7 87.1

Table 2: Average scores of different methods on ScienceWorld.

5.1 Experimental Settings

Environments. We evaluate DDCG on two chal-
lenging embodied agent benchmarks with comple-
mentary task characteristics: VirtualHome (Puig
et al., 2018), a 3D household simulation emphasiz-
ing long-horizon planning under complex object in-
teractions, and ScienceWorld (Wang et al., 2022),
a text-based environment focusing on procedurally
structured scientific tasks. For VirtualHome, fol-
lowing prior work (Li et al., 2022), we adopt the
standard In-Distribution, Novel Tasks, and Novel
Scenes evaluation settings to assess generalization
under increasing distribution shift.

Evaluation Metrics. To appropriately assess
performance in each benchmark, we employ met-
rics tailored to their distinct characteristics. For
VirtualHome, we use two standard metrics (Qian
et al., 2025). Success Rate (SR) is a task-level met-
ric that evaluates the final outcome of the entire
plan. In contrast, Executability (Exec) is a step-
level metric that measures the fraction of actions in
a generated plan that are valid. For ScienceWorld,
we use the average final score as the evaluation
metric.

Training Settings. For our method, DDCG, we
use GPT-4 (OpenAI, 2023) as the backbone LLM
planner. The critic models, CF and CQ, are im-

plemented as lightweight, fine-tuned RoBERTa-
base models (Liu et al., 2020). The data genera-
tion process utilizes a fine-tuned FLAN-T5-Large
model (Chung et al., 2022). Implementation details
are provided in Appendix B

Baselines. We compare DDCG against strong
baselines spanning multiple guidance paradigms
to evaluate its effectiveness in resolving Signal
Confounding. Our primary comparison is with
the state-of-the-art step-level guidance method
DGAP (Qian et al., 2025), which relies on a single,
confounded score. We further include representa-
tive baselines from other paradigms, including the
search-based Tree Planner (Hu et al., 2024), the
self-feedback method Inner Monologue (Huang
et al., 2022b), and the demonstration-driven agent
SwiftSage (Lin et al., 2023). Additional planning
approaches such as ProgPrompt, MLDT, and LID-
ADG are also included for completeness. All meth-
ods use the same backbone LLM where applicable
and are evaluated under identical conditions.

5.2 Main Results

As shown in Table 1, our method not only achieves
a leading performance in success rate (SR) but
also demonstrates a clear advantage in executability
(Exec). Compared to all baselines, DDCG exhibits
a notably smaller gap between SR and Exec, in-
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Setting Model Exec. (%) SR (%)

In-Distribution
DDCG (Ours) 95.0 94.1

w/o CF 89.4 82.3
w/o CQ 93.1 90.0

Novel Scenes
DDCG (Ours) 75.6 73.6

w/o CF 74.2 70.1
w/o CQ 70.5 63.2

Novel Tasks
DDCG (Ours) 83.3 81.8

w/o CF 78.9 75.0
w/o CQ 82.5 80.0

Table 3: Ablation study results on the VirtualHome
benchmark.

dicating that valid actions selected by the planner
are more likely to contribute to task completion.
This consistency directly reflects the effectiveness
of our decoupled feedback mechanism in resolving
the Signal Confounding problem.

On In-Distribution tasks, DDCG achieves a
94.1% success rate, significantly outperforming
the strongest baseline, DGAP (88.0%). This advan-
tage becomes more pronounced under generaliza-
tion. On Novel Scenes and Novel Tasks, DDCG
maintains high success rates of 73.6% and 81.8%,
respectively, despite increased environmental un-
certainty. In contrast, methods that emphasize fea-
sibility without strategic evaluation struggle to gen-
eralize. For example, Tree Planner (Hu et al., 2024)
achieves high executability (90.3%) on novel tasks
but exhibits a much lower success rate (52.3%).
This divergence between high Exec and low SR is
a direct manifestation of Signal Confounding, illus-
trating that ensuring feasibility alone is insufficient
for robust performance in unfamiliar settings.

DDCG also demonstrates strong performance
improvements on the ScienceWorld benchmark. As
shown in Table 2, it attains the highest overall score
of 87.1, surpassing strong baselines such as DGAP
(85.9) and SwiftSage (84.7). While SwiftSage per-
forms competitively on short-horizon tasks, DDCG
establishes a clear advantage on Medium and Long
tasks. This trend highlights the benefit of decou-
pled feedback as task horizons grow longer: by
distinguishing infeasible actions from low-quality
but valid ones, DDCG prevents early errors from
propagating and accumulating, resulting in more
coherent and successful long-horizon plans.

5.3 Ablation Study

To verify that decoupling feasibility and strategic
quality is both necessary and non-redundant for
resolving Signal Confounding, we conduct abla-
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Figure 4: Confusion matrices illustrating decision-level
error profiles under different ablation settings.

0 2 4 6 8 10
Score

0

5

10

15

20

25

30

Fr
eq

ue
nc

y

 Confusion zone

Baseline (w/o Dual Critic)
High overlap  Signal confusion

Feasible actions
Infeasible actions
Decision threshold

0 2 4 6 8 10
CF Score

0

5

10

15

20

25

Fr
eq

ue
nc

y

 Clear separation

DDCG: CF (Feasibility Critic)
Clear separation  No confusion

Feasible actions
Infeasible actions
Decision threshold

Figure 5: Score distributions for feasible versus infeasi-
ble actions.

tion studies on the VirtualHome benchmark. We
compare the full DDCG framework against two
variants: DDCG w/o CF , which removes feasibil-
ity supervision and retains only quality guidance,
and DDCG w/o CQ, which applies feasibility fil-
tering without strategic evaluation.

As shown in Table 3, removing either critic leads
to a substantial performance degradation, but in
qualitatively different ways. Removing the Fea-
sibility Critic (CF ) primarily harms plan validity,
causing a notable drop in Executability (e.g., from
95.0% to 89.4% In-Distribution) and a more severe
decline in Success Rate (from 94.1% to 82.3%).
This confirms that CF is essential for enforcing
hard physical and logical constraints.

In contrast, removing the Quality Critic (CQ)
leaves Executability largely intact but significantly
degrades Success Rate, especially in the challeng-
ing Novel Scenes setting (from 73.6% to 63.2%).
This indicates that feasibility alone is insufficient
for effective planning: without strategic guidance,
the agent frequently executes actions that are valid
but inefficient or incoherent over long horizons.

Beyond aggregate performance drops, we fur-
ther analyze how removing each critic alters the
error profile at the decision level. As shown in
Figure 4, the baseline exhibits a high false-positive
rate, frequently misclassifying infeasible actions as
acceptable. In contrast, the Feasibility Critic sub-
stantially reduces such errors, while the full DDCG
framework achieves a clear separation between fea-
sible and infeasible actions.
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Step 8
[grab] fork(332)

 Score: 7.0

Step 9
[walk] table(123)

 Score: 6.0

Step 10: [putback] fork(332) table(123)

 Score: 5.5  Accepted but FAILED

 Signal Confusion:
 Single critic assigns medium score (5.5/10) to an infeasible action
 Cannot distinguish "infeasible" from "low quality"
 Agent executes action  Execution fails: "Script impossible to execute"
 Task Failed (10 steps wasted)

Baseline (w/o Dual Critic): Signal Confusion  Task Failure

Step 8
[grab] fork(332)

 CF:9, CQ:8

Step 9
[walk] table(123)

 CF:8, CQ:7

Step 10: [putback] fork(332) table(123)

 CF:0, CQ:1  Rejected (infeasible)

Replan

Step 10 (replanned): [grab] fork(336)

 CF:8, CQ:7  Success

 Accurate Attribution:
 CF (Feasibility): 0/10  Clearly identifies action as infeasible
 CQ (Quality): 1/10  Confirms low quality
 Dual critics provide precise, disentangled feedback  Triggers replanning  Task Success (15 steps)

DDCG (Ours): Accurate Attribution via Dual Critics  Task Success

Figure 6: Qualitative comparison of a critical planning step. The baseline misattributes an infeasible action as
medium quality due to Signal Confounding, leading to execution failure. In contrast, DDCG uses its decoupled
critics to accurately identify the infeasibility, reject the action pre-execution, and trigger a successful replan.

Taken together, these ablations demonstrate that
CF and CQ address complementary and non-
overlapping failure modes. Their decoupled in-
tegration is therefore critical for precise error at-
tribution and for effectively resolving Signal Con-
founding.

5.4 Score-space Analysis
To analyze how supervision signals interact with
the decoupled critics, we examine the score distri-
butions assigned to feasible and infeasible actions.
As shown in Figure 5, baseline methods that rely
on a single scalar score exhibit substantial overlap
between the two classes, forming a broad confusion
region where infeasible actions receive moderate
scores. This overlap directly reflects the signal
confounding problem, as feasibility violations and
low-quality but valid actions become indistinguish-
able under a single scoring function.

In contrast, DDCG induces a structured separa-
tion of signals. The Feasibility Critic assigns con-
sistently low scores to infeasible actions and high
scores to feasible ones, resulting in a clear mar-
gin between the two distributions. This separation
enables the planner to reliably reject infeasible ac-
tions prior to execution, eliminating a major source
of failure observed in single-score baselines.

5.5 Qualitative Analysis
We analyze representative planning trajectories to
illustrate how DDCG resolves Signal Confounding
at decision time. Figure 6 compares DDCG with
a baseline that relies on a single, scalar feedback

signal.
In the illustrated VirtualHome task, the agent

proposes the action [putback] <cutleryfork>
<kitchentable>, which is semantically plausible
but physically infeasible due to unmet environmen-
tal constraints. The baseline assigns a medium
score (5.5/10) to this action, conflating infeasibility
with moderate quality. As a result, the action is
accepted and executed, leading to an immediate
execution failure and termination of the episode.

Under the same conditions, DDCG produces
disentangled feedback. The Feasibility Critic (CF )
correctly classifies the action as infeasible (CF =
0), while the Quality Critic (CQ) assigns a low
quality score, reflecting its poor strategic value.
This explicit attribution causes the action to be
rejected prior to execution and triggers replanning,
after which the agent selects a feasible alternative
and completes the task successfully.

6 Conclusion

This work identifies Signal Confounding as a fun-
damental structural limitation in LLM-based em-
bodied planning, arising from collapsing multi-
dimensional state–action evaluations into a single
scalar feedback signal. To address this critical is-
sue, we propose Decoupled Dual-Critic Guid-
ance (DDCG), which explicitly separates feasi-
bility and strategic quality into two complemen-
tary critics that provide structured decision-time
feedback. By enforcing hard execution constraints
through the Feasibility Critic and shaping prefer-
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ences among feasible actions through the Quality
Critic, DDCG restores reliable error attribution and
effectively mitigates various failure modes caused
by confounded signals. Experimental results across
two embodied planning benchmarks demonstrate
that this decoupling approach leads to more consis-
tent executability, improved task success rates, and
greater robustness under generalization conditions,
suggesting that structured feedback is a key ingre-
dient for achieving robust and reliable LLM-based
planning.

Limitations

DDCG has several limitations despite its improved
reliability. First, its reliance on learned critics in-
troduces risks: the Feasibility Critic may produce
overly conservative behavior, and the Quality Critic
remains susceptible to miscalibration. Second, it
assumes adequate state representation from text
and does not account for partial observability, po-
tentially limiting its effectiveness in perceptually
ambiguous settings. Finally, our evaluation is con-
fined to two simulation environments, necessitating
future investigation into scalability, long-horizon
tasks, and physical robotic deployment.

Ethical considerations

This study adheres to academic ethics standards.
We investigate planning and feedback for LLM-
based embodied agents in simulation to improve
task reliability. Our framework does not generate
harmful content, but rather evaluates action feasi-
bility to prevent unsafe behaviors. Experiments
use public benchmarks and models, with no hu-
man subjects involved. Methods and findings are
reported transparently.
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A Theoretical Proofs

A.1 Proof of Lemma 1
Lemma 1. The optimal policy that solves the con-
strained optimization problem is given by:

π∗(a|s) =

⎧
⎨
⎩

πllm(a|s)
Z(s)

exp

(︃
rQ(s, a)

β

)︃
, a ∈ Asafe(s),

0, a /∈ Asafe(s),
(3)

where

Z(s) =
∑︂

a′∈Asafe(s)

πllm(a′|s) exp
(︃
rQ(s, a

′)

β

)︃
(4)

is the normalization factor.

Proof. For a given state s, the optimization prob-
lem is to find a policy π(·|s) that maximizes

L(π) =
∑︂

a∈Asafe(s)

π(a|s) rQ(s, a)

− β
∑︂

a∈Asafe(s)

π(a|s) log π(a|s)
πllm(a|s) ,

(5)

subject to the normalization constraint
∑︂

a∈Asafe(s)

π(a|s) = 1. (6)

Introducing a Lagrange multiplier λ, the La-
grangian is

J (π, λ) = L(π)− λ

⎛
⎝ ∑︂

a∈Asafe(s)

π(a|s)− 1

⎞
⎠ . (7)

Taking the derivative with respect to π(a|s) and
setting it to zero yields

rQ(s, a)− β

(︃
log

π(a|s)
πllm(a|s)

+ 1

)︃
− λ = 0. (8)

Solving for π(a|s) gives

log π(a|s) = log πllm(a|s) + rQ(s, a)

β
− 1− λ

β
, (9)

and thus

π∗(a|s) = πllm(a|s) exp
(︃
rQ(s, a)

β

)︃
exp

(︃
−1− λ

β

)︃
.

(10)

Let Z ′(s) = exp(1 + λ/β). Enforcing normal-
ization,

1 =
∑︂

a′∈Asafe(s)

π∗(a′|s)

=
1

Z′(s)

∑︂

a′∈Asafe(s)

πllm(a′|s) exp
(︃
rQ(s, a

′)

β

)︃
,

(11)

which implies Z ′(s) = Z(s) and completes the
proof.

A.2 Proof of Corollary 2
Corollary 2. The policy π∗ is a policy improvement
over πllm with respect to the value function induced
by rQ.

Proof. Let V π(s) = Ea∼π(·|s)[Qπ(s, a)]. We aim
to show that V π∗

(s) ≥ V πllm
(s) for all s.

By the policy improvement theorem, it suffices
to verify that

∑︂

a

π∗(a|s)Qπllm
(s, a) ≥

∑︂

a

πllm(a|s)Qπllm
(s, a). (12)

Since π∗ up-weights actions with larger rQ(s, a)
relative to πllm, it increases the expected value un-
der Qπllm

. Expanding the value difference yields

V π∗
(s)− V πllm

(s)

= Ea∼π∗(·|s)
[︂
Qπllm

(s, a)− V πllm
(s)

]︂

+ Es′∼P

[︂
γ
(︂
V π∗

(s′)− V πllm
(s′)

)︂]︂
, (13)

which is non-negative by recursion, completing the
proof.

Bridging Theory and Practice. Lemma 1 charac-
terizes the two structural effects underlying DDCG:
the Feasibility Critic (CF ) restricts the policy sup-
port to the safe action set Asafe(s), while the Qual-
ity Critic (CQ) reweights feasible actions according
to their strategic quality. Algorithm 1 operational-
izes the same decomposition at decision time for a
frozen LLM planner: infeasible proposals are fil-
tered by CF , while low-quality feasible proposals
are rejected by CQ and converted into explicit feed-
back for bounded in-context replanning. Thus, the
practical planning loop realizes the feasibility-then-
quality structure characterized by the regularized
target policy, while keeping the underlying LLM
planner unchanged.

B Implementation Details

This section provides the implementation details
necessary to reproduce our experiments, including
the data generation model used for synthesizing
supervision signals and the training procedure for
the dual critics in DDCG.

B.1 Data Generation Model
Figure 7 provides an overview of the data genera-
tion and label decoupling pipeline used to construct
supervision for the dual critics. To generate sub-
optimal action candidates for training the Quality
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Figure 7: Overview of the data generation and label decoupling process used for training the Feasibility Critic (CF )
and the Quality Critic (CQ).

Critic, we finetune a FLAN-T5-Large model on
expert trajectories in a sequence-to-sequence man-
ner. Our data generation procedure follows the
step-level action generation strategy introduced in
DGAP (Qian et al., 2025), which uses a fine-tuned
language model to synthesize diverse candidate
actions beyond expert demonstrations.

Concretely, the input to the data generation
model consists of the task description and the ac-
tion history, and the target is the next expert action.
We adopt the standard FLAN-T5-Large architec-
ture and pretrained weights provided by the original
implementation, and finetune the model to capture
domain-specific action patterns from expert trajec-
tories. During data synthesis, the fine-tuned model
generates multiple candidate actions for a given
state via beam search, producing a set of plausible
but potentially suboptimal actions that enrich the
supervision signal for training the Quality Critic.

Semantic Similarity Scoring. To assign quality
scores to the generated suboptimal actions, we rank
candidate actions based on their semantic similar-
ity to a high-quality reference action. For each
state, the highest-ranked action produced by beam
search is treated as the reference action a⋆. Each
remaining candidate action a is embedded using a
pretrained sentence encoder, and similarity is com-
puted via cosine similarity:

Sim(a, a⋆) =
⟨e(a), e(a⋆)⟩
∥e(a)∥2 ∥e(a⋆)∥2

, (14)

Hyperparameter Value

Base Model FLAN-T5-Large
Max Source Length 1024 tokens
Max Target Length 16 tokens
Optimizer AdamW
Learning Rate 1e-4
Training Epochs 8
Per-Device Batch Size 8
Gradient Accumulation Steps 2
Effective Batch Size 32
Random Seed 42

Table 4: Hyperparameters for FLAN-T5 finetuning on
expert data.

where e(·) denotes the sentence embedding of an
action description. Candidate actions are ranked
according to Sim(a, a⋆) and discretized into qual-
ity score bins following this ranking. The sentence
encoder is fixed and not finetuned on the target
environments.

Finetuning of the data generation model is per-
formed using the AdamW optimizer with a learning
rate of 1e-4 for 8 epochs. Table 4 summarizes the
key hyperparameters used for training. Example
input–output formats for ScienceWorld and Vir-
tualHome are shown in Figure 9 and Figure 10,
respectively. While DGAP employs a single dis-
criminator to assign step-level scores, our frame-
work further decomposes supervision by separately
modeling feasibility and strategic quality, enabling
more precise error attribution during planning.
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Hyperparameter Value

Backbone Model RoBERTa-base
Loss (CF ) Binary Cross-Entropy
Loss (CQ) Mean Squared Error
Max Sequence Length 256
Optimizer AdamW
Learning Rate 1e-5
Weight Decay 0.01
Warmup Ratio 0.1
Batch Size 32
Training Epochs 5
Random Seed 42

Table 5: Hyperparameters for critic model finetuning.

B.2 Critic Models Training

The Feasibility Critic (CF ) and the Quality Critic
(CQ) are implemented using RoBERTa-base with
a linear prediction head. The two critics share the
same backbone architecture but differ in their out-
put heads and training objectives: CF performs
binary classification to predict action feasibility,
while CQ performs regression to estimate action
quality.

Both critics are initialized from pretrained
RoBERTa-base weights and optimized using the
AdamW optimizer with a learning rate of 1e-5
and a weight decay of 0.01. A linear learning
rate scheduler with a warmup ratio of 0.1 is used.
Training is conducted for 5 epochs with a batch
size of 32. The Feasibility Critic is trained using
Binary Cross-Entropy loss, and the Quality Critic
is trained using Mean Squared Error loss. Key
hyperparameters are summarized in Table 5.

B.3 Training Data Statistics

For critic training, we construct a tripartite dataset
consisting of expert actions, hard negative samples,
and suboptimal actions generated by the data gener-
ation model. In ScienceWorld, the dataset includes
approximately 40k expert samples, 40k hard neg-
ative samples, and 400k suboptimal samples. In
VirtualHome, the dataset consists of approximately
30k expert samples, 30k hard negative samples,
and 350k suboptimal samples. The data formats
for these samples are illustrated in Figure 11 and
Figure 12.

B.4 Environment-specific Rule Checkers

We implement lightweight environment-specific
rule checkers for constructing and auditing the fea-
sibility critic data. The checker exposes a common

interface:

check(s, a) → (feasible, violation_type),

where s is the current environment state and a is the
candidate action. The Boolean feasible is used
as the feasibility label, while violation_type
records the first failed rule for auditing and hard-
negative analysis.

VirtualHome. For VirtualHome, check(s, a) is
grounded in the symbolic object graph. Each state
s contains object nodes with class names, instance
ids, affordances, and state predicates, together with
relation edges such as INSIDE, ON, CLOSE, and
HOLDS. The checker parses the action into a verb
and typed object arguments, then verifies four rule
families: object existence in the graph; verb-object
affordance compatibility; action preconditions
such as hand occupancy, openness, reachability,
and object state; and relation-state consistency
before applying the implied graph update. Vi-
olations are categorized as malformed_action,
unknown_object, unsupported_affordance,
missing_precondition, relation_conflict,
hand_capacity, or state_conflict.

ScienceWorld. For ScienceWorld, the checker
follows the simulator-native action constraints. At
each state, we obtain the valid-action set from
env.getValidActionObjectCombinations()
and apply the same filtering used during evalu-
ation for invalid focus on, irrelevant examine,
and door-related actions. A candidate action
is feasible only if its normalized form is con-
tained in this valid-action set and the one-step
simulator transition does not violate the en-
vironment transition constraints. Violations
are categorized as not_in_valid_actions,
invalid_focus, simulator_rejection, or
transition_constraint.

Hard-negative generation. Hard negatives are
generated by perturbing expert trajectory states
while keeping the surrounding context realistic.
In VirtualHome, we corrupt object ids or classes,
flip relation predicates, choose verbs whose affor-
dances do not match the target object, remove re-
quired preconditions, or borrow actions from un-
related tasks. In ScienceWorld, we replace task-
relevant objects with unrelated objects, use out-of-
context but syntactically plausible verbs, sample
cross-task expert actions, and add malformed or
physically impossible actions such as impossible
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Table 6: Purity audit for quality-critic training data.

Environment CQ Samples Infeasible Contamination (%) Exact Overlap with CF Negatives Manual Audit

VirtualHome 377,239 0.00 0 rows / 0 contexts 0 conflicts
ScienceWorld 420,451 0.44 1,843 rows / 8 contexts 2 of 8 contexts conflicted

object-verb pairs. After generation, we run the en-
vironment checker and keep only candidates that
fail check(s, a); accidental feasible samples are
discarded from the hard-negative pool. This pro-
duces hard negatives that are close to the policy
distribution but have explicit infeasibility labels.

B.5 Data Purity and Leakage Analysis

Table 6 reports a post-hoc purity audit for the
quality-critic training data. Infeasible contamina-
tion is measured using exact input overlap with
samples rejected by the environment-specific feasi-
bility checker. Exact overlap reports the number of
duplicated rows together with the number of unique
duplicated contexts.

The audit shows that the quality-critic data are
cleanly separated from feasibility negatives in Vir-
tualHome. In ScienceWorld, we observe a small
number of duplicated contexts between the quality
and feasibility-negative pools. Manual inspection
of the eight unique duplicated contexts identified
two true conflicts, both corresponding to high-score
look at actions in friction-related tasks. These
samples are removed in the final purity-filtered
split.

B.6 Bounded Replanning and Threshold
Setting

Algorithm 1 is implemented with a bounded
rejection-and-replanning loop. For each environ-
ment step, the planner proposes an action a, the
feasibility critic CF and quality critic CQ score it,
and the action is accepted only if it passes both
gates. We use at most K = 3 replanning attempts
per environment step. The quality threshold is
τ = 4/10, equivalently 0.4 when critic scores are
normalized to [0, 1]. In practice, the rejection con-
dition is CF (a) < 0.5 or CQ(a) < 4.

The episode also has an environment step cap.
We follow the benchmark budget used by the cor-
responding environment configuration: Science-
World uses the configured env_step_limit during
evaluation, while VirtualHome uses the evaluation
rollout cap for executable actions. Replanning at-
tempts do not increase the environment step count
because rejected actions are not executed. If the
replanning loop reaches K attempts before find-

Diagnostic Value

Corr. (mean trajectory CQ, task success) 0.634
Mean CQ of successful trajectories 8.24
Mean CQ of failed trajectories 6.88

Table 7: Relationship between Quality Critic scores and
final task outcomes on VirtualHome Novel Scenes.

ing an acceptable action, the system falls back to
the highest-scoring candidate among the attempted
actions only if it passes the feasibility checker; oth-
erwise it emits the environment-safe fallback ac-
tion such as wait/0 and records the decision as a
fallback. If the episode step cap is reached, no
additional replanning is attempted and the episode
terminates as a timeout or incomplete rollout.

C Further Analysis

C.1 Threshold sensitivity

We evaluate the sensitivity of DDCG to the qual-
ity threshold τ by rerunning the evaluation with
τ ∈ {1, 2, . . . , 7} while keeping all other settings
fixed. Figure 8 reports the resulting performance on
VirtualHome and ScienceWorld. Both benchmarks
exhibit a consistent unimodal trend: overly per-
missive thresholds admit more low-quality actions,
whereas overly strict thresholds reject useful can-
didates and trigger unnecessary replanning. The
default setting τ = 4/10 achieves the best over-
all trade-off, reaching 83.2% on VirtualHome and
87.1% on ScienceWorld. These results indicate that
DDCG is not highly sensitive to small variations
around the selected operating point.

C.2 Quality Critic and Task Success

To examine whether the Quality Critic (CQ) pro-
vides decision-relevant guidance beyond its train-
ing supervision, we analyze its relationship with
final task outcomes on VirtualHome Novel Scenes.
For each trajectory, we compute the mean CQ score
over its evaluated actions and compare it with the
final task success.

As shown in Table 7, the mean trajectory-level
CQ score is positively correlated with final task
success (r = 0.634). Successful trajectories also
receive substantially higher average scores than
failed trajectories (8.24 vs. 6.88). Together with
the ablation results in Section 5.3, these diagnostics
indicate that CQ provides a decision-relevant signal
for distinguishing strategically preferable actions
within the feasible action space.
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Figure 8: Sensitivity of DDCG success rate to the quality threshold τ . The dashed line marks the current operating
point, τ = 4/10, or normalized τ = 0.4.

Metric CF CQ

Diagnostic samples 4,000 4,000
Accuracy 1.000 0.921
MAE – 0.117
RMSE – 0.143

Table 8: Held-out diagnostic performance of the Feasi-
bility Critic (CF ) and Quality Critic (CQ). For CQ,
accuracy is computed using the operating threshold
τ = 0.4.

C.3 Critic Diagnostic Audit

We further evaluate the predictive reliability of
the learned critics on held-out diagnostic samples
from the VirtualHome corpus. The diagnostic set
contains 4,000 samples for each critic and is con-
structed independently from the critic training split.

As shown in Table 8, the Feasibility Critic
achieves perfect classification accuracy on this di-
agnostic set. The Quality Critic achieves 92.1%
thresholded accuracy at the operating threshold
τ = 0.4, with an MAE of 0.117 and an RMSE of
0.143. These results indicate that the learned critics
are well calibrated for the decision rules used by
DDCG on the evaluated diagnostic distribution.

C.4 Replanning statistics

On the VirtualHome 55 Novel Scenes log, DDCG
triggered 16 low-score self-corrections. All 16 trig-
gered cases found an alternative action within the
bounded replanning loop, and manual outcome in-
spection indicates that 14 of the 16 corrections
avoided an execution failure that would otherwise
have terminated or stalled the rollout. The observed
correction rate is therefore 16/16 for producing an
accepted replacement and 14/16 for preventing the

downstream failure mode.

C.5 False rejection and fallback

In the same 55 Novel Scenes log, there were no
recorded self-correction failures and no fallback
invocations after a low-score rejection. The re-
maining two corrected cases did not translate into
final task recovery, suggesting that the dominant
residual issue is not false rejection by the critics
but absence of a useful feasible alternative once the
state has already drifted.

C.6 Computational Overhead

DDCG introduces an offline preparation cost and
a lightweight online decision-time overhead. The
offline stage includes FLAN-T5-Large finetuning
and candidate generation, critic-data construction,
and training of the two RoBERTa-base critics.
This preparation is performed once when adapting
DDCG to an environment and is amortized across
subsequent planning episodes.

During online planning, each candidate action is
evaluated by the two RoBERTa-base critics, with
additional LLM planner calls only when replan-
ning is triggered. On a single NVIDIA RTX 4090,
jointly evaluating CF and CQ takes approximately
17.0 ms per candidate on average. Thus, the critic-
side inference overhead is lightweight relative to
LLM planner inference and environment interac-
tion, while the main additional online cost arises
from occasional replanning calls.

D Prompt Templates

This section provides the detailed prompt templates
used in our DDCG framework for both the Virtual-
Home (VH) and ScienceWorld (SW) environments.
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ScienceWorld:
{"input": "Your task is to boil water. For compounds without a boiling point, combusting the substance is also
acceptable.", "Action": "open door to kitchen"}
{"input": "Your task is to boil water. For compounds without a boiling point, combusting the substance is also acceptable. 
10. open door to kitchen.", "Action": "go to kitchen"}
{"input": "Your task is to boil water. For compounds without a boiling point, combusting the substance is also acceptable. 
10. open door to kitchen. 9. go to kitchen.", " Action": "pick up thermometer"}
{"input": "Your task is to boil water. For compounds without a boiling point, combusting the substance is also acceptable. 
10. open door to kitchen. 9. go to kitchen. 8. pick up thermometer.", " Action": "open cupboard"}

Figure 9: FLAN-T5 finetuning data examples for Sci-
enceWorld.

VirtualHome:
{"input": "Task: Wash dishes", "action": "[Walk] <kitchen> (1)"}
{"input": "Task: Wash dishes. [Walk] <kitchen> ( 1)", "action": "[Walk] <sink> (1)"}
{"input": "Task: Wash dishes. [Walk] <kitchen> (1), [Walk] <sink> ( 1)", "action": "[Find] <faucet> (1)"}

Figure 10: FLAN-T5 finetuning data examples for Vir-
tualHome.

D.1 VirtualHome Prompts

General Task Planning This template is a mono-
lithic prompt that provides the LLM with all neces-
sary context in a single block to directly generate
a full sequence of actions. The structure includes
sections for predefined rules, the initial state of the
environment, a list of available actions, the specific
task instruction, and finally a section for the LLM
to generate its plan.

Reasoner + Planner This template employs a
hierarchical, two-step approach. First, a ‘Reasoner‘
component is prompted to decompose the high-
level task into a sequence of more abstract subgoals.
Subsequently, a ’Planner’ component is prompted
with a specific subgoal from the sequence to gener-
ate the corresponding low-level, executable actions
required to complete that step.

Replanning This template is designed for error
correction and uses a history of failed attempts as
explicit negative feedback. The prompt contains a
dedicated section for previously unsuccessful plans.
The LLM is then prompted to generate a new plan
with the explicit instruction to avoid repeating the
previous mistakes, thereby guiding the model to-
ward a valid solution.

D.2 ScienceWorld Prompts

General Task Planning This template is structured
for state-aware, step-by-step interaction with the
environment. It provides the LLM with a compre-
hensive history of its past actions, including the
resulting observations and rewards. The prompt
also includes the current environmental state, the
agent’s inventory, and a list of visited locations to
maintain full context. Based on this rich historical
and current state information, the LLM is prompted
to generate the single best action to take for the next
step.

Replanning This template is designed for struc-

SW-Hard Negative Samples:
{"input": " Your task is to use chemistry to create violet paint. When you are done, focus on the violet paint. 10. open door to greenhouse. 
9. go to greenhouse. 8. open door to hallway. 7. go to hallway.Action: pour cup containing red paint in desk in bowl”, Score": “10"}
SW-Expert Data:
{"input": " Your task is to determine which of the two inclined planes (unknown material D, unknown material H) has the most 
friction...Action: sleep 112”, Score": “0"}
SW-Hard Negative Samples:
{"input": " Your task is to determine which of the two inclined planes (titanium, sandpaper) has the least friction. Action: deactiv ate
stopwatch in inventory”, Score": “3"}

Figure 11: Critic training data examples for Science-
World.

VH-Hard Negative Samples:
{"input": "Task: Sleep. Lie down in a bed at night and fall asleep. Action: [Grab] <sofa> (769 )" Score": “0"}
VH-Expert Data:
{"input": "Task: Listen to music. [Walk] <living_room> (1). Action: [Walk] <radio> (1)", "Score": "10"}
VH-Suboptimal Data:
{"input": "Your task is to take bath. Action: [Walk] <bathroom> (1)", "Score": "4"}

Figure 12: Critic training data examples for Virtual-
Home.

tured error correction by providing the LLM with
rich diagnostic information. The prompt includes
a detailed history of both ’Failed Attempts and
Diagnostic Feedback’ as well as ’Recent Success-
ful Actions’ with their associated quality scores.
It also provides a list of ’Available Action Types’
and ’Important Rules’ to constrain the generation
space. The LLM is then given an explicit, multi-
point instruction to generate a "BETTER" action
that satisfies several constraints, such as avoiding
past mistakes, ensuring physical executability, and
achieving a minimum quality score.

This section provides additional experimental
analyses to complement the main results presented
in Section 5.2. We report detailed performance
breakdowns on the ScienceWorld benchmark and
further analyze the properties of the generated su-
pervision data used to train the critics.

D.3 Detailed Results on ScienceWorld
Table 9 reports the average scores of different meth-
ods on the ScienceWorld benchmark. Overall,
DDCG achieves the highest average score among
the compared methods. To better understand this
performance, we analyze results stratified by task
length.

On Short tasks, several methods perform com-
petitively. In particular, SwiftSage slightly out-
performs DDCG, indicating that for short-horizon
problems with limited error accumulation, the ben-
efit of sophisticated feedback mechanisms is less
pronounced. However, as task length increases, the
advantages of decoupled guidance become increas-
ingly evident.

On Medium tasks, DDCG establishes a clear
performance margin over both DGAP and Swift-
Sage. This trend is further amplified on Long
tasks, where DDCG maintains the highest scores
among all baselines. These results suggest that
long-horizon procedural reasoning is especially
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Task Type *Len TDT SayCan ReAct Reflexion SwiftSage DGAP DDCG

1-1 (L) 107.7 0.71 33.06 3.52 4.22 97.04 100.0 100.0
1-2 (L) 78.6 0.44 10.39 13.70 10.61 87.04 92.8 87.1
1-3 (L) 88.9 3.88 3.88 7.78 7.78 72.78 74.0 83.0
1-4 (L) 75.2 0.55 0.37 9.88 0.92 100.0 100.0 94.2
2-1 (M) 21.4 6.16 26.37 7.19 5.92 99.17 100.0 100.0
2-2 (M) 35.2 6.43 8.03 6.10 28.59 88.17 80.17 87.2
2-3 (L) 65.0 19.87 17.41 22.37 22.37 95.73 88.33 94.2
3-1 (S) 13.6 40.55 52.14 56.0 100.0 88.67 91.5 83.0
3-2 (M) 20.8 14.26 22.50 54.33 17.45 55.33 58.0 58.0
3-3 (M) 25.6 10.16 99.56 76.19 72.54 71.90 78.57 82.7
3-4 (M) 29.0 21.65 47.76 88.81 70.22 77.86 88.14 87.71
4-1 (S) 14.6 41.93 22.87 26.67 64.93 100.0 100.0 100.0
4-2 (S) 8.8 55.76 58.18 80.0 87.27 100.0 100.0 100.0
4-3 (S) 12.6 27.82 20.87 53.33 16.42 91.67 100.0 90.2
4-4 (S) 14.6 47.15 31.43 27.50 100.0 100.0 100.0 100.0
5-1 (L) 69.5 6.89 9.92 9.06 7.33 74.59 73.14 72.57
5-2 (L) 79.6 11.86 13.93 18.57 13.0 93.93 90.57 94.0
6-1 (M) 33.6 15.10 47.81 51.04 70.35 49.40 57.4 59.0
6-2 (S) 15.1 15.70 39.26 58.89 70.67 100.0 100.0 100.0
6-3 (M) 23.0 5.25 19.72 40.74 15.77 91.48 92.43 100.0
7-1 (S) 7.0 30.0 80.0 60.0 100.0 95.0 100.0 100.0
7-2 (S) 7.0 8.43 67.50 67.50 84.37 85.0 85.71 95.14
7-3 (S) 8.0 8.34 50.0 50.0 83.0 93.33 92.71 95.7
8-1 (M) 40.0 3.86 20.91 27.67 2.58 89.0 100.0 100.0
8-2 (S) 16.3 8.0 16.0 8.0 8.0 68.50 38.50 47.5
9-1 (L) 97.0 2.53 21.94 40.50 50.63 75.0 75.0 75.0
9-2 (L) 84.9 14.66 32.26 44.0 100.0 70.0 83.33 78.6
9-3 (L) 123.1 9.12 13.67 41.0 70.62 60.0 71.43 82.7
10-1 (L) 130.1 1.51 67.53 25.70 50.90 92.3 87.71 88.5
10-2 (L) 132.1 1.29 59.45 16.80 23.69 77.60 78.0 79.0

Short 11.76 28.37 43.83 48.79 71.47 92.22 90.84 91.15
Medium 28.58 10.36 36.58 44.01 35.43 77.79 81.84 84.32
Long 94.30 6.11 23.65 21.07 30.17 83.0 84.52 85.74

Overall 49.26 14.66 33.82 36.43 45.34 84.68 85.91 87.07

Table 9: Detail results on the ScienceWorld benchmark. *Len is the average length of the oracle agent’s
trajectories. In addition to overall results, we also report performance on three groups of *Len (short, medium, long).
The last six methods use GPT-4 as the base LLM for prompting.

vulnerable to cumulative planning errors, and that
resolving Signal Confounding becomes critical as
task complexity increases.

D.4 Quality Distribution of Supervision Data
To further contextualize the training of the Quality
Critic, we analyze the distribution of quality labels
in the generated supervision data. Figure 13 shows
the proportion of high-, medium-, and low-quality
action samples for ScienceWorld and VirtualHome.

The two environments exhibit markedly differ-
ent distributions. In ScienceWorld, the data are
strongly polarized, with a large fraction of samples
assigned either high or low quality scores. This
reflects the strictly procedural nature of Science-
World tasks, where incorrect steps or invalid ac-
tions often lead to immediate failure. In contrast,
VirtualHome displays a more balanced distribution
with a substantial proportion of medium-quality
samples, consistent with the presence of multi-
ple feasible but variably efficient action choices
in household environments.
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Figure 13: Quality category distribution of the generated
data for ScienceWorld and VirtualHome.
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# Long-term Memory
Ac�on Primi�ves:    

from ac�ons import walk <obj>, grab <obj>, switchon <obj>, switchoff <obj>, open <obj>,
close <obj>, turnto <obj>, drink <obj>, pu�n <obj> <obj>,
putback <obj> <obj>       

# Rules:    
remember if the key object INSIDE kitchencabinet, you should open the kitchencabinet
first or     the key object INSIDE room, you should walk to the room and different id 
represent different items, so note the id number.

remember you should grab only one item at a �me and you can not open a cabinet that 
has been opened        

# Overall Task Goal:     
{total_task_goal}        

# Completed Sub-goals:
{completed_sub_goals}       

# Recently Executed Ac�ons (Op�onal, with scores):    
{recent_ac�ons_with_scores}     

# Short-term Memory    
# Few-shot Examples:
{few_shot_examples}        

# Current Environment State:    
remember the key object loca�ons and states: {current_env_state}

# Current Task    
The task goal: {current_sub_goal}    

General Task Planning prompt
template for VH

Figure 14: VH: General Task Planning Prompt.
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# Now you are a task planning assistant, responsible for inferring the execu�on steps of a
task.    

# You should mimic the provided examples and, based on the task objec�ves, understand 
the total task goal first, generate the next sub-task. 

# There are some examples:         
{reasoner_few_shot_examples} 
Imitate these examples to generate a step-by-step plan.                

# Task goal: {task_goal}

Now you are a task planning assistant. You should mimic the examples I provide and 
generate a sequence of ac�ons based on the target instruc�ons and environmental
informa�on. Pay a�en�on to the task objec�ves and environmental informa�on.

And remember if the key object INSIDE kitchencabinet, you should open the 
kitchencabinet first... (Rules from planner_rule)               

# There are some examples:         
{planner_few_shot_examples }                

Imitate these examples to generate an ac�on list.

# Now the task is: {reasoned_sub_task}        
remember the key object loca�ons and states: { current_env_state}

Reasoner + Planner prompt
template for VH

Figure 15: VH: Reasoner and planner Prompt.

# You are a task planning assistant. Your goal is to complete the task: '{ total_task_goal}'.    
The current sub-goal is: '{current_sub_goal}'.        

# Here are the only ac�ons you are allowed to use:    
walk <obj>, grab <obj>, switchon <obj>, switchoff <obj>, open <obj>, close <obj>, turnto
<obj>, drink <obj>, pu�n <obj> <obj>, putback <obj> <obj>        

# Here are some important rules:    
remember you should grab only one item at a �me.   
you can not open a cabinet that has been opened.   
if the key object is INSIDE another object, you should open it first.        

# Here is the history of recent ac�ons and why they were bad:    
{failed_ac�ons_history} 

# Based on this informa�on, please provide a be�er, single next ac�on to take FROM THE 
ALLOWED LIST.    
# Do not repeat the failed ac�ons.     
# Just provide the single ac�on command in the format like 'grab('kitchenknife(id:123)')’. 

Replanning prompt template for VH

Figure 16: VH: Replanning Prompt.
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# Task Descrip�on: 
{task_descrip�on} 

# Current Progress: 
Time: {step_id}; Score: {current_score}/100; 

# Ac�on History (with rewards):
Ac�on history: 

<extra_id_10> {ac�on_9} (+{reward_9}) --> {observa�on_9} 
<extra_id_9> {ac�on_8} (+{reward_8}) --> {observa�on_8} 
<extra_id_8> {ac�on_7} (+{reward_7}) --> {observa�on_7} 
... 
<extra_id_1> {ac�on_0} (+{reward_0}) --> {observa�on_0} 

# Current Environment:
{environment_observa�on} 

# Current Inventory: 
{inventory} 

# Visited Loca�ons: 
{visited_rooms} 

# Next Ac�on: 
What ac�on should you do next? 

General Task Planning prompt
template for SW

Figure 17: SW: General Task Planning Prompt.
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# You are a science experiment planning assistant 

# Task Goal: 
{task_descrip�on} 

# Current Sub-goal: 
{current_sub_goal} 

# Current Progress: 
Score: {current_score}/100; Step: {step_id} 

# Environment Informa�on:
Loca�on: {current_loca�on} 
Environment: {environment_observa�on} 
Inventory: {inventory} 

# Recent Successful Ac�ons (with quality scores): 
{recent_successful_ac�ons_with_scores } 

# Failed A�empts and Diagnos�c Feedback:
{failed_ac�ons_history} 

# Available Ac�on Types: 
- teleport <loca�on>: directly move to a room
- open <object>: open a container or door
- close <object>: close a container or door
- pick up <object>: take an object 
- put <object> in <container>: place object in container
- ac�vate <device>: turn on a device
- deac�vate <device>: turn off a device 
- pour <container> in <target>: pour contents 
- mix <object> in <container>: mix substances 
- focus on <object>: examine object for task comple�on 
- wait: pause for �me-dependent changes 
- examine <object>: inspect an object 

Replanning prompt
template for SW

Figure 18: SW: Replanning Prompt (Part 1).
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# Important Rules:
- You can only manipulate one object at a �me 
- You must open containers before accessing their contents
- Broken devices cannot be ac�vated 
- Focus on task-relevant objects men�oned in the goal 

# Your Task Now: 
Based on the failed a�empts and diagnos�c feedback above,
provide a BETTER ac�on that: 
1. Avoids previously failed strategies
2. Is physically executable in the current state 
3. Makes meaningful progress toward the task goal 
4. Achieves a quality score ≥ 4.0 

Think step-by-step: 
1. What went wrong with previous a�empts? 
2. What alterna�ve approaches are available?
3. Which ac�on would maximize progress? 

Provide ONLY the single ac�on command in this format: 
Ac�on: [your ac�on] 

Replanning prompt template for SW

Figure 19: SW: Replanning Prompt (Part 2).
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