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Abstract

Reasoning and planning critically rely on a
predictive dynamics model. In symbolic do-
mains such as mathematics and code, large
language models (LLMs) internalize transition
rules during pretraining, allowing reinforce-
ment learning or test-time scaling to effectively
elicit and generalize their reasoning ability. Em-
bodied decision making is fundamentally differ-
ent: agents must reason from sparse visual evi-
dence under partial observability, while coping
with environment-specific dynamics and affor-
dances not captured by language priors. Here
we propose IMPLEMENT, a model-based reason-
ing framework that enables frozen LLMs to
perform imaginative planning. A lightweight
world model converts raw pixels into object-
centric symbolic states amenable to language-
based reasoning, and predicts their evolution
under hypothetical actions. To address epis-
temic uncertainty stemming from partial ob-
servability, we perform Monte Carlo state pre-
diction via temperature sampling, enabling de-
cision evaluation over multiple plausible fu-
tures. To support adaptation to unseen environ-
ments, we integrate Meta In-Context Learning,
conditioning the world model on interaction
history to continually refine its predictions. At
inference time, the LLM and world model form
a tight co-reasoning loop: the LLM proposes
candidate actions, the world model simulates
future trajectories, and the LLM refines its de-
cisions, effectively inducing an online policy
iteration scheme. Extensive experiments in
ALFWorld demonstrate consistent advantages
over finetuning-based and strong test-time scal-
ing approaches, validating IMPLEMENT as an
effective framework for grounding language
agents in visual embodied environments.

1 Introduction
Reasoning and planning presuppose an accurate
model of environment dynamics. In symbolic do-
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mains (e.g., mathematics, code, and logical reason-
ing), transition rules are explicit, stable, and well
represented in pretraining corpora, enabling large
language models (LLMs) to internalize such dy-
namics during large-scale pretraining (Zhao et al.,
2023; Naveed et al., 2025). Consequently, re-
inforcement learning or test-time scaling can di-
rectly elicit and generalize these latent reasoning
capabilities to solve novel problems (Zhang et al.,
2025b; Wang et al., 2024a; Guo et al., 2025). This
paradigm, however, does not readily extend to em-
bodied scenarios, where decision making is gov-
erned by noisy visual observations, implicit physi-
cal affordances, and environment-specific dynam-
ics that deviate substantially from language priors.

Embodied environments introduce three funda-
mental challenges largely absent from symbolic
reasoning. First, egocentric visual observations
are high-dimensional yet contain sparse seman-
tic signals; pixel-level reasoning is therefore brit-
tle and noise-sensitive (Stone et al., 2021). Sec-
ond, partial observability induces epistemic uncer-
tainty: agents perceive only local regions and must
gradually acquire information through interaction,
causing uncertainty to compound over multi-step
planning (Wang et al., 2023a). Third, embodied
tasks exhibit persistent distribution shifts, as each
instance presents novel spatial layouts, object con-
figurations, and affordance structures, demanding
rapid online adaptation from limited experience
(Liu et al., 2023a; Yang et al., 2024c). Together,
these factors render pretrained language priors in-
sufficient for reliable long-horizon embodied plan-
ning (Chow et al., 2025; Liang et al., 2025).

Existing approaches pursue two primary strate-
gies, neither fully addressing these challenges.
Finetuning-based methods align vision-language
models (VLMs) with embodied tasks via imitation
or reinforcement learning, yet without explicit dy-
namics modeling, they fail to elicit generalizable
embodied knowledge; moreover, they are computa-
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tionally expensive, risk catastrophic forgetting of
general capabilities, and preclude deployment of
frontier models (Lin et al., 2025; Hancock et al.,
2025; Luo et al., 2025). Test-time scaling tech-
niques (Wei et al., 2022; Wang et al., 2022; Silver
et al., 2016) enhance reasoning coherence but still
operate without explicit dynamics models, strug-
gling to bootstrap reliable embodied planning. Re-
cent work explores using pretrained LLMs them-
selves as world models for planning, yet such ap-
proaches rely heavily on internalized language pri-
ors that cannot accurately capture environment-
specific dynamics or systematically represent un-
certainty distributions (Deng et al., 2025; Yang
et al., 2024a; Zhou et al., 2025). Consequently,
they remain confined to simplified text-based en-
vironments rather than visually grounded physical
settings. Critically, these methods treat the pol-
icy and world model as static, isolated modules,
contrasting with human cognition where internal
models co-evolve with decision-making through
interaction (Ho et al., 2022; Qureshi et al., 2025).

In this work, we propose IMPLEMENT, a model-
based reasoning framework driven by IMaginative
Planning, empowering frozen Language models
to become adaptive EMbodied agENTs. At its
core lies a lightweight world model trained via self-
supervised learning, which perceives visually but
predicts symbolically. We adopt an object-centric
state representation that extracts structured seman-
tics from high-dimensional visual inputs, construct-
ing a compact reasoning space. To handle partial
observability and ambiguous outcomes, we per-
form Monte Carlo rollouts via temperature sam-
pling, enabling agents to reason over diverse plau-
sible futures. To support instance-specific adapta-
tion, we integrate Meta In-Context Learning into
world-model training, allowing predictions to be
refined online using accumulated observations and
failed interactions. Any frozen LLM can then lever-
age this model as an "imaginative mental world" to
optimize decision-making.

At inference time, the world model and lan-
guage agent form a mutually reinforcing loop:
the agent utilizes the world model for informed,
dynamics-aware decisions, while the world model
continuously refines its predictive fidelity using
the agent’s interaction history. This iterative pro-
cess naturally instantiates generalized policy itera-
tion, where both components co-evolve in-context
without parameter updates, delivering the promise
to adapt any pretrained LLM into an optimal em-

bodied policy. Extensive experiments in ALF-
World (Shridhar et al., 2020)–a challenging long-
horizon embodied benchmark–demonstrate consis-
tent advantage of IMPLEMENT over vanilla VLMs,
finetuning-based methods, and recent test-time scal-
ing approaches. Notably, IMPLEMENT exhibits su-
perior sample efficiency under limited interaction
budgets, highlighting its ability to rapidly adapt
from sparse experience. These results validate
IMPLEMENT as a general framework for ground-
ing LLM reasoning in visual embodied environ-
ments while preserving the flexibility of pretrained
models. Our code and data are available at https:
//github.com/WoodySJR/IMPLEMENT.

2 Related Work

LLMs for embodied sequential decision-making.
LLMs have demonstrated remarkable prior

knowledge and general-purpose reasoning, achiev-
ing human-level performances in complex ques-
tion answering, code generation and multimodal
understanding (Naveed et al., 2025). These ad-
vances have sparked growing interests in adapt-
ing LLMs to long-horizon, embodied sequential
decision-making tasks, where agents must reason
over extended action sequences to accomplish phys-
ically grounded objectives (Liang et al., 2025). To
date, interactive text environments (Shridhar et al.,
2020; Jansen, 2022; Wang et al., 2025a)) have
served as one of the primary testbeds for building
and benchmarking embodied agents, due to their
simplicity, ease of development and fast simulation
(Wang et al., 2023b,c; Liu et al., 2023b; Zhou et al.,
2025). Nevertheless, agents developed in these
abstract settings face substantial gaps when trans-
ferred to real-world embodied environments with
noisy visual observations and nuanced environ-
ment dynamics. Fine-tuning approaches attempt
to bridge this gap, yet they become increasingly
costly with the scaling of language models and
are brittle under distribution shifts (Shridhar et al.,
2020; Yang et al., 2024b; Zhao et al., 2024). These
limitations highlight the need for test-time scaling
methods that empower frozen LLMs to adapt to var-
ied embodied scenarios, grounding their decisions
in environment dynamics while preserving their
inherent generalization and reasoning abilities.

LLMs and world models. Recent works have
started to explore the integration of LLMs with
world models to compensate for the missing em-
bodied knowledge. A "world model" generally
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refers to a computational representation of the phys-
ical world capable of predicting state transitions
given various actions (Ha and Schmidhuber, 2018).
While Wang et al. (2025b); Chen et al. (2025),
among others, explore model-based reinforcement
learning for training embodied agents, these meth-
ods inherit the limitations of finetuning-based meth-
ods and necessitate meticulous reward design and
state representation alignment between the policy
and world model. More of recent works instead
leverage zero-shot LLMs themselves as world mod-
els, combining them with planning algorithms such
as Model Predictive Control and Monte-Carlo Tree
Search to optimize trajectories (Deng et al., 2025;
Yang et al., 2024a; Liu et al., 2023b; Hao et al.,
2023; Zhou et al., 2024, 2025). While promising,
these approaches are restricted to domains with
clear semantics, such as math reasoning, web navi-
gation and text games, and struggle to extend to vi-
sual embodied tasks. Meanwhile, in these systems,
the LLMs used for policy generation and world
modeling operate as decoupled modules, without
co-evolving through iterative interaction.

3 Method
3.1 Problem Formulation

We consider a visually grounded embodied envi-
ronment modeled as a partially observable Markov
decision process (POMDP):

M = (S,A,G, P, r, γ, T,O, O), (1)
where st ∈ S denotes the latent world state, at ∈ A
an action, ot ∈ O a high-dimensional observation
(e.g., a first-person RGB image) sampled from the
observation kernel O(ot|st). g ∈ G represents the
task goal, often specified in natural language. The
environment dynamics are governed by the tran-
sition kernel P (st+1 | st, at) and reward function
r(st, at, st+1 | g), with discount factor γ ∈ (0, 1)
and task horizon T .

The agent interacts with the environment
through a history-dependent, goal-oriented policy:

πθ(at | ht, g), ht = (o0, a0, · · · , ot) (2)

to maximize the expected discounted return:

J(π) = E

[
T∑

t=0

γtr(st, at, st+1 | g)
]
. (3)

We focus on high-level planning where states
can be expressed symbolically and actions corre-
spond to semantically meaningful primitives (e.g.,
"go to table 1", "pick up pen 1 from table 1"). Nev-

ertheless, such decisions are still constrained by
nuanced physical affordances and partial observ-
ability (see Appendix J for examples), where even
strong LLMs can fall short. Meanwhile, low-level
motor control is delegated to specialized controllers
(e.g., vision-language-action models). This is con-
sistent with the widely adopted dual-process em-
bodied architectures (Driess et al., 2023; Zhang
et al., 2025a,d), where planning and execution are
decoupled for tractability and modularity.

3.2 Symbolic World Model for Visual
Embodied Environments

3.2.1 Object-Centric State Representation
We define a structured state representation as a
dictionary comprising: (i) the agent’s location,
(ii) its inventory (currently held object), and (iii)
receptacle- and object-level attributes and relations
(e.g., containment, open/closed, heated/cool). This
symbolic representation follows the object-centric
design of Chen et al. (2023), which has been shown
to generalize well across a broad range of simulated
and real-world planning scenarios. Importantly, it
enables scalable state tracking for long-horizon
tasks, abstracting away pixel-level noise while re-
taining the semantic structure required for LLM-
based decision making. See Figure 1 and Appendix
D for concrete examples.

To address partial observability, we explicitly
seperate perception (extracting currently observ-
able facts) from prediction (forecasting action out-
comes). Concretely, a single world model Mϕ op-
erates in two modes:

• Perception mode, which incorporates new
observation ot and updates the symbolic state
with deterministic, currently observable infor-
mation.

• Prediction mode, which, given a candidate
action (or action sequence), predicts action-
contingent state updates (e.g., newly revealed
objects after navigation; attribute changes af-
ter object manipulation), without speculating
unrelated parts of the world.

This yields a compact, decision-relevant predictive
interface easier for an LLM planner to reason over,
and mirrors human cognition: we reason over ab-
stracted states rather than raw sensor streams, and
simulate only what matters under a proposed intent.

Several design choices jointly promote robust-
ness and scalability. First, perception is re-invoked
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Prediction Mode

History Buffer
 Past observations 

Monte-Carlo Rollouts

go to countertop - feasible, low risk √ 
put spatula to coffeetable - likely to fail ×
...

Action Refinement - Improvement
“Refined plan: navigate to countertop or 
similar receptacles to release inventory, then 
proceed to pick up an egg. “

 Failed interactions 

... ... ... ...

Value Ranking - Evaluation

Belief State Summarization
“Countertop likely contains eggs (≈2/3); 
placing spatula on coffeetable will fail.”

Action Sampling Imagined Policy Iteration

World State

Candidate Action ���: 
put spatula to coffeetable

Candidate Action ���: 
go to countertop

History Trajectories

[ Agent ]
location: in front of coffeetable; inventory: spatula
[ Receptacles ]
coffeetable: 

visited: ✓; open: N/A; objects: [mug, bowl, book]

Perception Mode

LLM Agent

Task Goal (g): 
put a heated egg on coffeetable

Action to Execute at:
go to countertop

ot

World Model (VLM) 

st

��+�,�

��+�,�

Meta In-Context 
Learning

Figure 1: Overview of IMPLEMENT, an online model-based policy iteration framework. The agent grounds visual
observations into a symbolic state and imagines action outcomes using a world model. The simulated Monte-Carlo
rollouts are summarized into a belief state that guides iterative policy evaluation and refinement based on a frozen
language model. A trajectory-level history buffer supports Meta In-Context Learning for test-time adaptation.

at every environment step, and the symbolic state is
updated by overwriting relevant fields with the lat-
est visual evidence rather than accumulating stale
information; this continual re-estimation mecha-
nism mitigates error propagation across steps. Sec-
ond, the state explicitly tracks only confirmed, ob-
served information—receptacles that have not yet
been visited are marked as unvisited rather than
populated with speculative content, preventing hal-
lucinated knowledge from distorting downstream
planning and reducing context length. Third, pre-
dictions are restricted to action-contingent state
updates relevant to the proposed intent, avoiding
unnecessary speculation about unrelated parts of
the world. Finally, Monte Carlo rollouts are further
compressed into concise belief-state summaries
before being passed to the planner, keeping the
reasoning context compact. Together, these mecha-
nisms enhance both the reliability and the scalabil-
ity of the framework.

3.2.2 World Model Training via Self-labeling
Transitions

A key benefit of restricting the world model to
perception and prediction rather than any decision
making is that data collection becomes substan-
tially simpler: we can learn from self-labeled envi-
ronment transitions without reward annotation or
high-quality expert demonstrations. Specifically,

we collect trajectories using a lightweight behav-
ior policy dominated by random exploration, while
injecting a small amount of goal-directed interac-
tions to mitigate distributional bias. Please refer to
Appendix A.1 for details.

At each step, let the environment transition from
state st−1 to st after executing action at, with corre-
sponding observations ot−1 and ot. We instantiate
Mϕ by supervised-fine-tuning a pre-trained vision-
language model using token-level cross-entropy on
serialized symbolic states. We unify perception and
prediction training within one model by condition-
ing on special mode tokens "[PER]" and "[PRE]":

L = λ1 · Lper + λ2 · Lpre,

Lper = CE(st,Mϕ(st−1, at−1, ot; [PER])),

Lpre = CE(st,Mϕ(st−1, at−1; [PRE])),

where st is overloaded to denote symbolic state,
CE denotes the cross-entropy loss, and we weight
the two training objectives equally in practice.

3.2.3 MetaICL for Test-time Adaptation

While the learned world model captures dynamics
shared across a class of tasks, individual environ-
ments often exhibit instance-specific characteris-
tics, such as object layouts and inaccessible recep-
tacles. Such environment-specific knowledge is
difficult to encode in a static model, yet crucial for
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reliable planning. To address this challenge, we
equip the world model with the ability to adapt at
test time by leveraging limited interaction history
though Meta In-Context Learning (MetaICL; Min
et al., 2022). Concretely, during prediction training,
we augment each input with a trajectory context
τ consisting of historical observations and failed
actions from the same environment:

Lpre = CE
(
st,Mϕ(st−1, at, τ ; [PRE])

)
. (4)

This training scheme encourages the model to treat
the trajectory context as implicit evidence about
environment-specific dynamics and affordances.
At test time, the same conditioning mechanism
enables Mϕ to adapt its predictions online, effec-
tively yielding a self-evolving world model. The
construction of the trajectory context τ is detailed
in Appendix D.

3.3 IMPLEMENT: Model-based Online Policy
Iteration

We now introduce IMPLEMENT, a test-time scaling
framework where a frozen LLM planner interacts
with Mϕ to progressively refine its decisions.

At each environment step, the world model first
performs perception to update the symbolic state:

st ←Mϕ(st−1, at−1, ot; [PER]). (5)

Then the LLM and world model engage in iterative
interactions, forming an "imagine-evaluate-refine"
loop.

3.3.1 Action Sampling
Given goal g and interaction history ht =
(s0, a0, · · · , st) (here we overload ht to denote
symbolic traces), the LLM samples a set of candi-
date action sequences and outputs a help flag indi-
cating whether model-based evaluation is needed:

(At,help) ∼ πθ(· | g, ht, Et),
help ∈ {True,False}. (6)

Here At = {ãt1, · · · , ãtn}, and each ãti =
(a1ti, · · · , aHti ) is a candidate action sequence with
planning horizon H . Et is a memory that stores
previously evaluated candidates and their predicted
outcomes, initialized as ∅. If help = False, the
agent commits to execution directly (e.g., execute
the top-ranked candidate); otherwise, we invoke
world-model rollouts for deliberation.

3.3.2 Monte-Carlo Rollouts
When the LLM requests assistance, indicating low
confidence, we evaluate each candidate sequence

ãti by rolling it out in the learned world model:

ŝ
(m)
t+H,i ←Mϕ(st, ãti, τ ; [PRE]), m = 1, · · · ,M.

(7)
We sample with non-zero temperature to obtain M
diverse plausible futures, which are further summa-
rized into a textual belief state bt+H,i before being
appended into the memory:

Et ← Et
⋃
{(ãti, bt+H,i)}ni=1. (8)

3.3.3 Action Refinement
Given the updated memory Et, the LLM assesses
and ranks the utility of evaluated candidates, af-
ter which it decides whether to commit to one of
them or to further refine the actions through another
round of model-based imagination. This tightly
coupled interaction yields a mutually reinforcing
loop: the LLM leverages model feedback to per-
form "imaginative planning" and make informed
decisions, while the world model benefits from
richer interaction history to improve its prediction.

3.3.4 Action Execution
The proposed framework focuses on high-level
planning, requiring an additional execution layer
to translate action primitives into low-level control
signals. Here we assume the availability of low-
level controllers or skill libraries that map each ac-
tion into environment-specific actuation commands,
such as joint torques, end-effector motions, or nav-
igation controllers. Importantly, IMPLEMENT is ag-
nostic to the specific implementation of low-level
control, enabling high modularity.

3.4 Connection to Policy Iteration

We interpret IMPLEMENT as an instance of general-
ized policy iteration (GPI; Sutton et al., 1998) car-
ried out at test time. Although no explicit paramet-
ric value function is learned, the interplay between
model-based rollouts and LLM-based reasoning
induces an implicit value landscape over candi-
date actions. This enables an alternating process
between implicit policy evaluation and in-context
policy improvement.

3.4.1 Model-based Evaluation
At iteration k, the LLM samples a finite set of can-
didate action sequences At of horizon H from an
implicit action distribution π(k)

θ . For each candidate
ã ∼ At, the world model Mϕ approximates the dis-
tribution over future trajectories via model-based
rollouts. Conditioned on the predicted futures, the
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LLM performs goal-conditioned reasoning to as-
sess how well the resulting state transitions align
with task objective. We summarize this evaluation
process using a value-like functional:

Q̂(k)(st, ãti | g)

= E{st+h}Hh=1∼Mϕ

[ H∑

h=1

γh−1r̂(st+h−1, a
h
ti, st+h | g)

+ γH V̂ (st+H | g)
]
, ãti ∈ At,

(9)
where r̂ and V̂ do not correspond to explicit scalar
reward or value functions, but instead abstract the
LLM’s internal comparative reasoning over candi-
date actions. Concretely, r̂ captures local, step-wise
assessments of task progress (e.g., satisfaction of
subgoals or avoidance of failed actions), while V̂
reflects a holistic judgment of the desirability of the
predicted terminal belief state. This essentially in-
duces a preference ordering over candidate actions
that is sufficient to drive policy improvement.

3.4.2 In-context Policy Improvement
Given evaluated candidates stored in Et, the LLM
updates its decision in-context, analogous to:

π
(k+1)
θ (st)← argmax

ã
Q̂(k)(st, ã | g). (10)

This improvement step may either result in commit-
ting to the highest-ranked candidate or proposing
refined actions for further evaluation. The help
flag in Eq.6 serves as an adaptive termination crite-
rion: when the LLM judges additional evaluation is
unlikely to alter its decision, the iteration halts and
the agent commits to execution. From an optimiza-
tion perspective, this corresponds to reaching an
approximate fixed point of the implicit evaluation
and improvement operators defined by LLM-world-
model interaction. We summarize IMPLEMENT with
pseudocode in Appendix L.

4 Experiment

4.1 Experimental Setup

Environments. We conduct our experiments in
ALFWorld (Shridhar et al., 2020), a cross-modality
embodied simulation platform for long-horizon
household tasks. ALFWorld provides paired vi-
sual environments instantiated in AI2-THOR and
parallel textual interface which offers precise sym-
bolic state annotations. The benchmark includes
six task categories (Pick & Place, Clean & Place,
Heat & Place, Cool & Place, Look in Light, and

Pick Two Objects & Place), each requiring naviga-
tion and object interaction to complete a predefined
language instruction (see Appendix I for examples).
Tasks could involve reasoning and interaction over
more than ten objects and require over 30 steps for
a human expert to complete, enabling comprehen-
sive evaluation of long-horizon planning, instruc-
tion following, and world knowledge grounding.
Importantly, ALFWorld’s visual environments rep-
resent realistic embodied settings rather than purely
PDDL-based textual counterparts, demanding pre-
cise reasoning about physical affordances and spa-
tial constraints. Following prior works, we evaluate
on the 134 out-of-distribution tasks (Shridhar et al.,
2020; Liu et al., 2023b; Yang et al., 2024b).

Baselines. We compare our approach against
three categories of baselines. (i) Vanilla VLMs,
where pretrained VLMs directly perform decision
making by conditioning on the goal, interaction
history, and FPV images. (ii) Finetuning-based
methods: MiniGPT-4 (Zhu et al., 2023), BLIP-
2 (Li et al., 2023), LLaMA-Adapter (Gao et al.,
2023), InstructBLIP (Dai et al., 2023) and EMMA
(Yang et al., 2024b), which finetune VLMs on
task demonstrations. (iii) Test-time scaling meth-
ods: including ReAct (Yao et al., 2022), Reflexion
(Shinn et al., 2023), Self-consistency (Wang et al.,
2022) and SimuRA (Deng et al., 2025), which en-
hance LLM reasoning through special prompting
techniques. Please refer to Appendix B for details.

4.2 Implementation Details

We instantiate the world model using Qwen2.5-VL-
7B (Bai et al., 2025) and train it via supervised fine-
tuning on approximately 80K environment tran-
sitions sampled from ALFWorld. In the training
data, each object instance carries a unique numeric
identifier assigned by the simulator in order of ap-
pearance (e.g., “apple 1”, “apple 2”); the world
model thus learns to generate and maintain consis-
tent instance IDs during state tracking and predic-
tion. To evaluate the adaptability of IMPLEMENT, we
instantiate the planner with multiple policy LLMs
spanning different scales and reasoning styles, in-
cluding both proprietary and open-source models.
Low-level execution is handled by ALFWorld’s
built-in oracle controllers for all methods to ensure
a fair comparison. We report success rates over 1, 6,
and 12 trials, which jointly reflect zero-shot perfor-
mance and the agent’s ability to improve through
online interaction. All metrics are averaged over
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134 held-out tasks across six task categories for
stable and representative assessment. To ensure
reproducibility, detailed prompt templates and ex-
periment configurations are provided in Appendix
A.2, G and H.

4.3 Comparative Studies
Table 1 compares IMPLEMENT with baseline meth-
ods across different policy backbones and evalua-
tion budgets. We have the following observations:

First, vanilla VLM agents consistently under-
perform across task categories and trial budgets.
Although these models possess strong vision-
language alignment, they struggle to accumulate
and organize long-term visual evidence into coher-
ent, goal-oriented world knowledge, often leading
to myopic or unstable behaviors.

Second, finetuning-based approaches exhibit
limited generalization when evaluated on out-of-
distribution tasks. This indicates that heavy re-
liance on demonstration data without explicit dy-
namics modeling tends to overfit and reduce robust-
ness to unseen environments.

Third, test-time scaling methods, including Re-
Act, Reflexion, and Self-consistency, frequently
lag behind. While these approaches can stabilize
reasoning trajectories that are already supported
by LLM’s internal priors, they lack explicit mecha-
nisms to acquire, verify and update world knowl-
edge through interaction. SimuRA further lever-
ages pretrained LLMs as world models; however,
it still relies heavily on language priors and lacks
principled mechanisms to handle uncertainty in
state transitions. Consequently, its predictions of-
ten reflect inaccurate understanding of physical dy-
namics and produce misleading signals that distort
downstream decision making.

In contrast, IMPLEMENT without imaginative
planning, where the agent directly commits to
execution without deliberation, already achieves
strong performance. This proves the effectiveness
of the symbolic state representation and percep-
tion module in grounding high-level decisions. The
full IMPLEMENT framework yields further perfor-
mance gains, validating the importance of model-
based policy iteration. These improvements are
particularly pronounced in low-trial regimes, indi-
cating that imaginative planning, combined with
MetaICL, enables more efficient learning from lim-
ited interaction experience. Importantly, the ob-
served performance gains are consistent across di-
verse LLM policy backbones. This suggests that

IMPLEMENT complements the underlying reasoning
capacity of various policy models and provides a
general and robust mechanism for grounding LLM
decision making in visual embodied environments.

4.4 Ablation Studies

4.4.1 Effect of MetaICL and Imaginative
Planning

Figure 2 (a) illustrates the success rate as a function
of interaction trials. While all variants benefit from
additional trials, the full IMPLEMENT consistently
outperforms its counterparts without MetaICL (i.e.,
τ = ∅ in Eq.7) and without imaginative planning
across all interaction budgets, with the performance
gap most pronounced in the early stage (k ≤ 5).
This indicates that these components effectively
enable the world model, and in turn, the LLM agent,
to evolve through limited experience.

Figure 2 (b) and (c) further analyze the effects
of imaginative planning and MetaICL on planning
efficiency and reliability. Removing imaginative
planning results in slower task completion and a
substantially higher ratio of action failure, indicat-
ing that without model-based imagination the agent
struggles to reason about action feasibility. Dis-
abling MetaICL also degrades performance, albeit
to a lesser extent, suggesting that online adaptation
from past trajectories provides additional benefits
beyond static world models.

4.4.2 Effect of Temperature Sampling
Figure 2 (d) analyzes the impact of world-model
sampling temperature on task success. When the
temperature is set to zero, corresponding to single-
point state prediction, performance degrades sig-
nificantly. This indicates that Monte Carlo-style
rollouts are crucial for capturing uncertainty in em-
bodied environments with partial observability. In-
creasing the temperature from 1 to 1.5 leads to a
slight drop in success rate, although not statistically
significant. This suggests that overly high stochas-
ticity may introduce excessive noise into imagined
futures and also impair planning performances.

4.4.3 Effectiveness of LLM-Guided
Termination

Figure 2 (e) analyzes the effectiveness of the LLM-
guided termination mechanism (i.e., the help flag
in Eq.6) for policy iteration. We compare this adap-
tive strategy with a fixed termination baseline that
enforces a constant number of iteration rounds (set
to 5). The results show no statistically significant
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Table 1: Comparison studies. Bold and underlined numbers indicate the best and second-best performance within
each LLM policy group, respectively. Results for finetuning-based methods are directly taken from Yang et al.
(2024b), and "-" denotes results that were not reported. Complete success rate curves are reported in Appendix C.

Success Rate @ 12 Success Rate @ 6 Success Rate @ 1

Agent Pick Clean Heat Cool Look Pick2 Avg. Avg. Avg.

Finetuning-based agents

MiniGPT-4 (Zhu et al., 2023) 0.04 0.00 0.19 0.17 0.67 0.06 0.16 – –
BLIP-2 (Li et al., 2023) 0.00 0.06 0.04 0.11 0.06 0.00 0.04 – –
LLaMA-Adapter (Gao et al., 2023) 0.17 0.10 0.27 0.22 0.00 0.00 0.13 – –
InstructBLIP (Dai et al., 2023) 0.50 0.26 0.23 0.06 0.17 0.00 0.22 – –
EMMA (Yang et al., 2024b) 0.71 0.94 0.85 0.83 0.88 0.67 0.82 0.58 0.19

Frozen-LLM agents

GPT-4.1-mini (Achiam et al., 2023)
vanilla 0.63 0.52 0.70 0.48 0.56 0.29 0.55 0.55 0.31
ReAct (Yao et al., 2022) 0.81 0.93 0.74 0.81 0.72 0.79 0.81 0.72 0.35
Reflexion (Shinn et al., 2023) 0.89 0.89 0.83 0.57 0.83 0.57 0.78 0.74 0.46
Self-consistency (Wang et al., 2022) 0.78 0.93 0.74 0.81 0.83 0.57 0.79 0.71 0.48
SimuRA (Deng et al., 2025) 0.81 0.81 0.57 0.57 0.83 0.64 0.72 0.62 0.33
IMPLEMENT w/o imaginative planning 0.85 0.93 0.74 0.81 0.89 0.57 0.82 0.76 0.46
IMPLEMENT (ours) 0.89 0.96 0.87 0.86 0.94 0.71 0.88 0.86 0.66

GPT-4.1 (Achiam et al., 2023)
vanilla 0.56 0.70 0.74 0.67 0.72 0.57 0.66 0.65 0.41
ReAct (Yao et al., 2022) 0.74 0.93 0.61 0.76 0.83 0.79 0.78 0.73 0.48
Reflexion (Shinn et al., 2023) 0.81 0.93 0.78 0.86 0.78 0.64 0.82 0.81 0.60
Self-consistency (Wang et al., 2022) 0.70 0.89 0.74 0.86 0.72 0.64 0.77 0.75 0.60
SimuRA (Deng et al., 2025) 0.81 0.85 0.83 0.76 0.83 0.79 0.82 0.78 0.52
IMPLEMENT w/o imaginative planning 0.81 0.89 0.78 0.86 0.83 0.79 0.83 0.79 0.60
IMPLEMENT (ours) 0.85 1.0 0.91 0.62 0.89 0.71 0.85 0.82 0.68

Gemini-2.5-flash (Comanici et al., 2025)
vanilla 0.74 0.74 0.78 0.38 0.67 0.29 0.63 0.59 0.34
ReAct (Yao et al., 2022) 0.81 0.93 0.57 0.52 0.83 0.79 0.75 0.72 0.48
Reflexion (Shinn et al., 2023) 0.81 0.93 0.83 0.67 0.83 0.50 0.78 0.78 0.66
Self-consistency (Wang et al., 2022) 0.74 0.89 0.78 0.52 0.83 0.57 0.74 0.72 0.62
SimuRA (Deng et al., 2025) 0.81 0.85 0.65 0.67 0.78 0.86 0.77 0.68 0.53
IMPLEMENT w/o imaginative planning 0.78 0.93 0.83 0.67 0.94 0.79 0.82 0.82 0.66
IMPLEMENT (ours) 0.81 0.96 0.91 0.81 1.0 0.79 0.88 0.86 0.75

Qwen2.5-VL-72b (Bai et al., 2025)
vanilla 0.41 0.52 0.78 0.67 0.44 0.14 0.52 0.45 0.19
ReAct (Yao et al., 2022) 0.78 0.85 0.70 0.81 0.72 0.71 0.77 0.72 0.52
Reflexion (Shinn et al., 2023) 0.89 0.93 0.74 0.81 0.78 0.43 0.79 0.76 0.52
Self-consistency (Wang et al., 2022) 0.81 0.85 0.83 0.86 0.72 0.57 0.79 0.75 0.45
SimuRA (Deng et al., 2025) 0.74 0.93 0.78 0.81 0.83 0.57 0.79 0.76 0.63
IMPLEMENT w/o imaginative planning 0.85 0.89 0.74 0.86 0.78 0.71 0.82 0.78 0.52
IMPLEMENT (ours) 0.89 0.96 0.91 0.86 0.89 0.79 0.89 0.85 0.74

difference in success rates. Note that although the
maximum number of iterations in IMPLEMENT is
also capped at 5, the LLM terminates early in most
cases, resulting in an average of only 2.4 iterations
per environment step. This indicates that the LLM
can reliably identify fixed points of policy iteration,
yielding meaningful computational savings.

Additional efficiency analysis and performance
analysis of the world model is delegated to Ap-
pendix F and E, respectively.

5 Conclusion

We present IMPLEMENT, a model-based reasoning
framework that enables pretrained LLMs to act as
adaptive embodied agents. IMPLEMENT introduces
a symbolic world model that transforms raw visual
observations into compact states and predicts their
transitions. By combining Monte Carlo state pre-
diction to handle epistemic uncertainty and Meta

In-Context Learning to enable rapid adaptation to
novel environments, the world model provides a
continually improving substrate for decision mak-
ing. At test time, the LLM and world model co-
evolve through interaction: imagined futures guide
policy refinement, while accumulated experience
refines the world model itself–together inducing
a generalized policy iteration process. Empirical
results in ALFWorld demonstrate robust gains over
finetuning-based and test-time scaling methods.
Overall, our findings highlight the complementary
roles of explicit world modeling and general rea-
soning for embodied decision making, representing
an important step to systematically extend language
agents beyond symbolic domains.

Several directions merit further investigation. Ef-
ficiency: while model-based planning yields favor-
able overall compute when accounting for faster
task-level convergence (Appendix F), the per-step
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Figure 2: Ablation studies with GPT-4.1-mini as the policy. (a) Effect of MetaICL and imaginative planning (IP)
on success rate across interaction trials. (b)&(c) Effect of MetaICL and IP on planning efficiency and reliability,
respectively. (d) Effect of world model sampling temperature. (e) Effect of different termination criteria. The
results in panel (b-e) are averaged over 12 repeated trials. Statistical significance is assessed using a two-tailed
Mann-Whitney U test. Significance levels are denoted as p < 0.05 (∗), p < 0.01 (∗∗), and p < 0.001 (∗ ∗ ∗).

latency remains on the order of tens of seconds;
system-level optimizations such as speculative de-
coding, model distillation, and adaptive rollout bud-
gets are promising avenues. Reducing privileged
supervision: equivalent state annotations could be
obtained via pretrained open-vocabulary detectors,
VLM-based captioning, or semi-automatic boot-
strapping with limited human annotation, broaden-
ing applicability beyond environments with built-
in symbolic engines (see Appendix N). Percep-
tion robustness: transferring to real-world environ-
ments with higher visual noise will require noise-
robust state estimation techniques such as domain
randomization (Tobin et al., 2017) and stronger
object-centric visual pretraining. Scalability of
symbolic representations: extending the fixed
object-centric schema to open-vocabulary or dy-
namically constructed representations would en-
able handling more complex real-world tasks with
unconstrained entities. Broader evaluation: vali-
dating IMPLEMENT on additional benchmarks with
different action granularity and world dynamics
would further strengthen the evidence for cross-
environment generalization.

Limitations

Our work has several limitations. First, the
world model is trained using supervised transitions,
which constitutes a form of privileged learning
commonly adopted in robotics (Pinto et al., 2017;
Yamada et al., 2024; Wang et al., 2024b). While
such a paradigm has been shown effective for sim-
to-real transfer with limited real-world data, validat-
ing its effectiveness within our framework remains
an important direction for future work. Meanwhile,
imaginative planning incurs additional test-time

computation due to model rollouts and interaction
loops. In practice, we bound this overhead through
explicit limits on interaction rounds and compact
belief state summarization. Further improvements
could be achieved through adaptive rollout alloca-
tion, early termination strategies, and careful con-
sideration of performance-efficiency tradeoffs.
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A World Model Training Details

A.1 Data Collection

We adopt a mixed behavioral policy for data col-
lection, which consists of the following types of
actions:

• Random admissible actions (πadm), which
successfully transit the world into a different
state but might not align with the task goal.
These interactions are intended to equip the
world model with knowledge of world dynam-
ics.

• Random inadmissible actions (πinadm),
which violate physical affordances and thus
bring no change to world states. These actions
are sampled from admissible actions accumu-
lated from previous interactions and include
rich physical affordances for the world model
to learn from.

• Expert actions (πexp), which are obtained
from rule-based policies. However, we note
that these expert policies have not been specif-
ically optimized and are reported to achieve a
mere success rate of 60-70%. Meanwhile,
these actions are not used for behavioral
cloning, but to correct the biased data distribu-
tion from random interaction: some specific
actions (e.g., heat) must be preceded by a
sequence of particular actions (e.g., picking
up a heatable object and then going to a mi-
crowave) in order to take effect, and are thus
underrepresented by random policies.

During each step in data collection, the action is
sampled from a mixture of these policies:

at ∼ p1 · πadm(· | st−1) + p2 · πinadm(· | st−1)

+ p3 · πexp(· | st−1),
(11)

where p1 = p2 = 0.4, p3 = 0.2.
The admissible and expert actions are both de-

rived from hand-coded rules prebuilt in the ALF-
World simulation environment (Shridhar et al.,
2020). These sampling heuristics can be further
replaced with language agents for autonomous data
collection procedure, thus forming a fully closed-
loop system where LLMs actively construct a world
model through exploration and rely on it for sub-
sequent decision making. We leave this intriguing
direction for future work.
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Table 2: World Model Training Hyperparameters.

Hyperparameter Value

Epochs 3
Learning rate 2× 10−5

Number of device 4×NVIDIA A800 80GB
Per-device train batch size 4
Gradient accumulation step 4
Max gradient norm 0.2
LoRA rank (r) 16
LoRA scaling (α) 16
LoRA dropout 0.05
LoRA target modules all-linear
Optimizer AdamW (torch_fused)
AdamW β1 0.9
AdamW β2 0.999
Weight decay 0.01

A.2 Training Hyperparameters

To ensure reproducibility, the hyperparameters of
world model training are listed in Table 2.

B Detailed Introduction to Baselines

We compare our approach against three categories
of baseline methods:

• Vanilla VLMs In this setting, pretrained
vision-language models (GPT-4.1, GPT-4.1-
mini, Gemini-2.5-Flash, and Qwen2.5-VL-
72B) are directly prompted with the task
goal, interaction history, and first-person-view
(FPV) images to generation actions. To ensure
context efficiency, FPV inputs are truncated
to the most recent five frames.

• Finetuning-based approaches This category
includes MiniGPT-4 (Zhu et al., 2023), BLIP-
2 (Li et al., 2023), LLaMA-Adapter (Gao
et al., 2023), InstructBLIP (Dai et al., 2023)
and EMMA (Yang et al., 2024b). These meth-
ods fine-tune VLMs using task demonstra-
tions collected either from human experts (the
former four methods) or from powerful LLMs
with access to privileged environmental in-
formation (EMMA). For these baselines, we
directly report the experimental results from
Yang et al. (2024b).

• Test-time-scaling approaches We consider
ReAct (Yao et al., 2022), Reflexion (Shinn
et al., 2023), Self-consistency (Wang et al.,
2022), and SimuRA (Deng et al., 2025),
which improve the reasoning ability of frozen
LLM agents through test-time prompting and
self-feedback mechanisms. For Reflexion, we

use a memory buffer of 1 so that the agent
reflects on its most immediate experience.
For Self-consistency, we sample n = 10 re-
sponses and select actions based on majority
voting. For Reflexion and Self-consistency,
we provide the same perceived world state
as IMPLEMENT. For ReAct, since observations
are interleaved with actions and intermediate
thoughts, to avoid excessively long contexts,
we instead provide privileged textual observa-
tions from AI2-THOR. We note that SimuRA
is also a world-model-based method, but relies
entirely on pretrained LLMs for world mod-
eling and performs planning via depth-first
search, without online self-evolution or adap-
tation. As SimuRA was originally proposed
for web navigation, where HTML serves as
observation, and does not incorporate a vision
encoder, we likewise provide privileged tex-
tual observations and evaluate its performance
under the assumption of perfect perception.

C Complete Success Rate Curves Across
Policy Backbones

This section provides a detailed visualization of
success rate curves over interaction trials for all pol-
icy backbones evaluated in our experiments. Each
policy backbone corresponds to a subplot in Figure
3 that compares IMPLEMENT against vanilla VLM,
test-time scaling methods, and the most compet-
itive finetuning-based baseline (EMMA). These
curves complement the results in main text by il-
lustrating in greater detail the adaptation dynamics
of various methods under increasing trial budgets
and the consistent advantage of IMPLEMENT.

D Symbolic State Update and History
Conditioning

For the purpose of illustration, here we provide
an example of symbolic state representation and
its update (both generated by the world model in
its perception mode) in Figure 4, where the agent
locates an apple on a countertop and then heats it
with a microwave.

The conditioning context used for Meta In-
Context Learning consists of two components. The
first is a set of history observations, including re-
ceptacles visited in previous trajectories and their
associated object lists. The second component
captures failed interactions, where each failure
is represented by the executed action, the agent’s
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(d) Qwen2.5-VL-72B

Figure 3: Success rate curves (k = 1 to 12) across policy backbones.

location, its inventory, and the state of the target
receptacle prior to the action. These failure cases
implicitly encode knowledge about environment
dynamics and affordances, such as action precon-
ditions, object-receptacle compatibility, and state-
dependent constraints, which are critical for refin-
ing future predictions and decisions. To prevent
excessive context length during both training and
test time, we only include failed actions that are
relevant to the current decision step, defined as
those sharing at least one common attribute with
previous failures. We note that more sophisticated
retrieval mechanisms, such as vector-based simi-
larity matching, may further improve the accuracy
and relevance of the conditioning context, which
we leave for future work.

E Performance Analysis of World Model

Table 3 reports the state prediction accuracy of the
learned world model on out-of-distribution tasks.
In particular, we focus on two complementary as-
pects of state prediction that are critical for em-
bodied planning: (i) predicting the presence of
unobserved objects in the environment, and (ii)
predicting whether a candidate action would fail
and thus induce no state change.

For unobserved object prediction, conditioning
on historical trajectories substantially improves
both recall and precision compared to the uncon-
ditional variant. Notably, this improvement holds
even when the target receptacle has not been di-
rectly explored before, suggesting that the world
model captures a sense of joint distribution over
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Table 3: Prediction accuracy of the learned world model.
For object prediction, we report Recall / Precision.

Unobserved Object Prediction Failed Action Prediction

w/ condition w/o condition w/ condition w/o condition

70.61 / 89.13 56.00 / 71.21 95.30 62.96

state components, rather than treating different
parts of the environment as independent fragments.
As a result, information acquired from one part of
the environment can inform predictions in others,
enabling a form of generalization that goes beyond
local observations and providing empirical support
for the effectiveness of MetaICL.

We further observe a pronounced gain in failed
action prediction when conditioning on past failed
interactions. In this setting, an action failure corre-
sponds to a no-op transition, where the predicted
future state remains identical to the previous state.
The strong improvement under conditioning indi-
cates that incorporating historical failures enables
the world model to better infer environment affor-
dances and action feasibility, which is critical for
downstream planning and action refinement.

Table 4 evaluates the perception capability of
the world model, focusing on object recognition
accuracy. We primarily report object-level recall
and precision, as we find object identification con-
stitutes the most challenging component of state
abstraction, while other state attributes (e.g., recep-
tacle status or agent location) are comparatively
easier to infer. All metrics are computed on 134
held-out evaluation tasks that are excluded from
the world model training set. We note that object
recognition performance does not reach 100%, and
recognition errors often arise when target objects
occupy only a small region in the image, are par-
tially occluded, or appear under unfavorable view-
points. Improving perception accuracy remains a
promising direction for further performance gains.
For instance, incorporating pretraining on dedi-
cated object detection datasets could enhance ro-
bustness to small-scale and partially visible objects.
In addition, introducing dynamic viewpoint ad-
justment mechanisms—where the agent actively
changes its observation angle or distance based on
perception confidence—may further mitigate am-
biguity in visual inputs and lead to more reliable
state grounding.

Table 4: Perception accuracy of the world model on
object recognition.

Object Recall (%) Object Precision (%)

90.40 93.76

F Efficiency Analysis

Here we perform an efficiency analysis of
IMPLEMENT in terms of time and token costs, us-
ing GPT-4.1-mini as the policy backbone. The
world model, instantiated with Qwen2.5-VL-7B,
is deployed via vLLM with tensor-parallel infer-
ence across four NVIDIA A800 GPUs, with no
parameter quantization or model compression ap-
plied. Table 5 reports the average runtime of each
operation in our framework. For each environment
step, the full model performs one perception update,
followed by an average of 1.4 LLM-world-model
interactions. This results in an average per-step
computation time of:

2.16 + 5.33 + 1.4× (5.33 + 3.05 + 3.12)

= 23.59 seconds.

In contrast, the variant without imaginative plan-
ning performs only a single perception update and
one round of action sampling per step, yielding a
per-step runtime of:

2.16 + 5.33 = 7.49 seconds.

While the full IMPLEMENT incurs higher computa-
tional costs per environment step, it achieves sub-
stantially faster task-level convergence. Specifi-
cally, as seen in Figure 2 (a), the full variant re-
quires only 3 trials to surpass the success rate of
the variant without imaginative planning over 12
trials. Accounting for this difference, the effective
computational costs to reach similar task perfor-
mances are approximately:
3×23.59 = 70.77 (Full) vs. 12×7.49 = 89.88 (w/o IP).

Hence, in terms of per-step computation, imag-
inative planning does not incur higher time costs.
Meanwhile, we note that beyond wall-clock compu-
tation, reducing the number of interaction trials con-
fers additional practical advantages. For instance,
in embodied environments, failed trials often incur
non-negligible costs, such as safety-related penal-
ties. Resetting the environment between trials also
typically introduces extra latency. From this per-
spective, achieving robust task completion with
substantially fewer trials is inherently preferable.
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Table 5: Average runtime of individual operations mea-
sured on the 134 OOD tasks in ALFWorld.

Operation Time per Call (s)

Policy Action Sampling 5.33
World Model Perception 2.16
World Model Prediction 3.05
Belief State Summarization 3.12

We further analyze token consumption incurred
by API-based LLM calls. Since the world model is
locally deployed, we only account for the token us-
age of policy action sampling and belief state sum-
marization. On average, the variant without imagi-
native planning consumes 2,716.62 tokens per ac-
tion sampling call. In contrast, the full IMPLEMENT
consumes 3,393.58 tokens per sampling call, re-
flecting the additional context introduced by evalu-
ated candidates and belief states. Each belief state
summarization incurs an average of 2,629.76 to-
kens. Taking the aforementioned task-level conver-
gence speed into consideration, imaginative plan-
ning only incurs 8.83% higher token cost.

G Implementation Details

World model training. We instantiate the world
model using Qwen2.5-VL-7B (Bai et al., 2025)
and train it via supervised fine-tuning. We sample
approximately 80K environment transitions from
50% of training tasks provided in ALFWorld, each
yielding paired perception and prediction targets.
Training is performed with Low-Rank Adaptation
(Hu et al., 2022), consuming 40 A800 GPU hours.

Policy LLMs. In order to examine the adapt-
ability of IMPLEMENT, We evaluate it across mul-
tiple language models that differ in scale and rea-
soning style, including proprietary LLMs (GPT-
4.1, GPT-4.1-mini, Gemini-2.5-Flash) and open-
sourced models (Qwen2.5-VL-72B). Belief state
summarization is consistently performed using
GPT-4.1-mini to ensure cost efficiency. For low-
level control, we utilize ALFWorld’s built-in oracle
controllers across all compared methods.

System deployment. After training, the world
model is deployed on the server via FastAPI while
the ALFWorld visual environments are executed
locally. All the policy LLMs are accessed through
APIs. We set the maximum number of LLM-world-
model interaction rounds to 5 per environment step,
sample 8 candidate actions at each planning iter-
ation, and use a planning horizon of 1 following

prior work (Zhou et al., 2024; Deng et al., 2025).
The task horizon is capped at 30 steps, consistent
with standard ALFWorld evaluation. LLM temper-
atures are set as 1.0, and the world model conducts
10 Monte Carlo rollouts to capture uncertainty. To
control computational overhead, we further impose
an upper bound of 5 on the number of LLM–world-
model interaction rounds per environment step.

Evaluation metrics. We evaluate performance
using success rates measured over 1, 6, and 12
trials, which quantify both zero-shot task perfor-
mance and the agent’s ability to progressively im-
prove through interactions. This evaluation pro-
tocol, widely adopted in the literature, is particu-
larly well-suited for challenging embodied tasks,
where effective agents must rapidly adapt from fail-
ures and leverage experience to solve long-horizon
problems (Liu et al., 2023b; Yang et al., 2024b).
We note that the reported success rates are derived
from a single evaluation run due to the consider-
able computation cost. Nevertheless, the results are
averaged over 134 evaluation tasks that span six
diverse categories, which we find already substan-
tially helps mitigate randomness.

H Full Prompts

H.1 Prompt for Action Generation

You are a text adventure game player , who interacts
with a household environment to complete a task.

The following is a list of actions that can be used
in the game. You must strictly follow the syntax of
the actions in your answer.
1. go to (receptacle): move to a receptacle
2. open (receptacle): open a receptacle
3. close (receptacle): close a receptacle
4. take (object) from (receptacle): take an object
from a receptacle
5. put (object) to (receptacle): place an object in
your inventory into or onto a receptacle
6. use (object): turn on the object , which is
typically a light source like a desklamp or a
floorlamp
7. heat (object) with (receptacle): heat an object
with a receptacle.
8. cool (object) with (receptacle): cool an object
with a receptacle.
9. clean (object) with (receptacle): clean an object
with a receptacle.

The following is your task goal.
{goal}

The following is your history interactions.
{history}

The following is the current state of the game.
Specifically , the state of the environment is
described as a dictionary with the following keys:
- "agent_location ": your current location in the
environment;
- "inventory ": the object you are holding (if any);
- "world_state ": a dictionary describing the state
of each receptacle in the room , with the following
keys:

- "visited ": whether you have examined the
objects in/on the receptacle;
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- "open": whether the receptacle is open; This
is only applicable to openable receptacles;
- "objects ": a list of objects in the receptacle
.

Current state: {current_state}

A world model is available that can predict the
state after an action is executed. Here are a few
actions , along with their predicted future states:
{evaluations}
When proposing actions , you have only two options:
Option 1. Choose an action from the above provided
actions to execute (must output "False" in "help").

- This option is available only when any of the
provided actions ' predicted future state is
helpful for completing the task.
- This option is not available when there is no
action provided above.
- You must EXPLICITLY rank the helpfulness of
the above provided actions according to their
predicted future states in your <think > section ,
and then output the most promising one in <

action >.
Option 2. Propose up to 8 different actions (must
output "True" in "help").

- This option is feasible when none of the above
provided actions ' predicted future state is

helpful enough for completing the task.
- In this case , you should propose up to 8
DIFFERENT actions that are promising and worth
trying.
- The actions you propose will not be executed.
Instead , their predicted future states will be
returned to you to evaluate their helpfulness.

Your answer must be formatted as:
<think >
your reasoning process
</think >
<action >
action proposal(s) separated by commas
</action >
<help >
whether need world model to evaluate the action(s)
</help >.

H.2 Prompt for Belief State Summarization

A text adventure game player is interacting with a
household environment to complete a task. The
following is the current state of the environment.
Specifically , the state of the environment is
described as a dictionary with the following keys:
- "agent_location ": the location of the agent in the
environment;

- "inventory ": the object the agent is holding (if
any);
- "world_state ": a dictionary describing the state
of each receptacle in the room , with the following
keys:

- "visited ": whether the agent has examined the
objects in/on the receptacle;
- "open": whether the receptacle is open; This
is only applicable to openable receptacles (
drawer , cabinet , fridge , microwave , safe , etc.);
- "objects ": a list of objects in the receptacle
.

Current state: {current_state}

Here is an action that the agent has proposed.
Action: {action}

The following are one or more possible future states
of the environment after the action is executed ,

predicted by a world model.
Your task is to summarize the predicted future
states into a coherent belief state that better aids
the game player 's decision.

You should focus on and clearly describe the changes
in the future state compared to the current state (

such as the locations of agent and objects , the
states of objects and receptacles , etc.), and how
likely the changes are to happen (based on their
frequencies in the predicted results).

Importantly , your summary must be neutral and
objective , without any suggestions or speculations
beyond the predicted results , or any judgment
regarding the helpfulness of the action. Limit your
answer to within 150 words.

Predicted future states: {predicted_future_states}

H.3 Prompt for World Model Perception

[PER]
You are a world model that perceives and tracks the
state of a household environment.

State of this environment is described as a
dictionary with the following keys:
- "agent_location ": the location of the agent in the
environment;

- "inventory ": the object the agent is holding (if
any);
- "world_state ": a dictionary describing the state
of each receptacle in the room , with the following
keys:

- "visited ": whether the agent has examined the
objects in/on the receptacle;
- "open": whether the receptacle is open; This
is only applicable to openable receptacles;
- "objects ": a list of objects in the receptacle
.

Now you will be given the following information:
- action: an action that the agent has executed in
the environment;
- action_success: whether the action was
successfully executed;
- old_state: the state of the environment before the
action;

- new_frame: the first -person view of the
environment after the action;
- other_visible_receptacles: for "go to" actions ,
you will also be given the names of other visible
receptacles in the new frame , and you should update
the object list of these receptacles as well.

Your task is to update and return the state of the
environment in the right format based on the above
information. No verbal explanation is needed.

action: {action}
action_success: {action_success}
old_state: {old_state}
other_visible_receptacles: {
other_visible_receptacles}

The new_frame is provided right after the textual
prompt.

H.4 Prompt for World Model Prediction

[PRE]
You are a world model that predicts the state of a
household environment after an action.

State of this environment is described as a
dictionary with the following keys:
- "agent_location ": the location of the agent in the
environment;

- "inventory ": the object the agent is holding (if
any);
- "world_state ": a dictionary describing the state
of each receptacle in the room , with the following
keys:

- "visited ": whether the agent has examined the
objects in/on the receptacle;
- "open": whether the receptacle is open; this
is only applicable to openable receptacles;
- "objects ": a list of objects in the receptacle
.

You are given the following information:
- action: an action that the agent will execute in
the environment;
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- old_state: the state of the environment before the
action.

Your task is to predict the state of the environment
after the action and return it in the right format.
No verbal explanation is needed.

action: {action}
old_state: {old_state}

Here are observations from previous trajectories (
receptacles and object lists):
{condition_1}

Here are failed actions from previous trajectories (
action , agent location , inventory , state of the
target receptacle):
{condition_2}

I ALFWorld Task Examples

The following descriptions describe the processes
involved in each of the six task types in ALFWorld,
which are directly taken from the original paper
(Shridhar et al., 2020). Please find visualized task
examples in Figure 5.

• Pick & Place (e.g., "put a plate on the cof-
fee table”): The agent must find an object of
the desired type, pick it up, find the correct
location to place it, and put it down there.

• Examine in Light (e.g., "examine a book un-
der the lamp”): The agent must find an object
of the desired type, locate a light source, and
turn it on while holding the desired object.

• Clean & Place (e.g., "clean the knife and put
it in the drawer”): The agent must find an
object of the desired type, pick it up, go to
a sink or a basin, wash the object by turning
on the faucet, then find the correct location to
place it, and put it down there.

• Heat & Place (e.g., "heat a mug and put it
on the coffee table”): The agent must find an
object of the desired type, pick it up, go to a
microwave, heat the object by turning on the
microwave, then find the correct location to
place it, and put it down there.

• Cool & Place (e.g., "put a cool bottle on the
countertop”): The agent must find an object
of the desired type, pick it up, go to a fridge,
put the object inside the fridge to cool it, then
find the correct location to place it, and put it
down there.

• Pick Two & Place (e.g., "put two pencils in
the drawer”): The agent must find an object of

the desired type, pick it up, find the correct lo-
cation to place it, put it down there, then look
for another object of the desired type, pick it
up, return to the previous location, and put it
down there together with the other object.

J Examples of Physical Affordances in
ALFWorld

As illustrated in Figure 6, the visual environments
in ALFWorld exhibit a range of physical affordance
constraints that go beyond purely text-based envi-
ronments, motivating the need for predictive mod-
eling of action feasibility and state transitions.

K Potential Risks

Our paper focuses on improving decision-making
of large language models in simulated embodied
environments. Potential risks mainly stem from
inaccurate world-model predictions or misinterpre-
tation of physical affordances, which could lead to
unsafe actions if directly transferred to real robotic
systems. We emphasize that our framework is eval-
uated only in simulation, and extending it to real-
world settings would require careful validation and
safety constraints.

L Pseudo code

We summarize our proposed method, IMPLEMENT,
in Algorithm 1.

M Belief State Summarization Example

To illustrate the full reasoning pipeline of
IMPLEMENT, we provide a concrete example of how
symbolic state, world model prediction, belief state
summarization, and policy reasoning interact dur-
ing a single planning step.

Setting. The agent is at the middle of the room
with an empty inventory. The task goal is: “find a
mug and put it on the desk.”. The candidate actions
include: go to desk 1, go to desk 2, go to
drawer 1, open drawer 1, go to drawer 2,
open drawer 2.

World model predictions. We show 3 of 10
Monte Carlo samples for the candidate action go
to desk 1:
Sample 1: {" agent_location ": "desk 1",
"inventory ": null , "world_state ":
{"desk 1": {" visited ": true , "objects ":
[" alarmclock 1", "creditcard 1",
"pencil 1"]}, "drawer 1": {" visited ":
false , "open": false , "objects ": []},
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Algorithm 1 IMPLEMENT: Model-based Online Pol-
icy Iteration
Require: Environment M, goal g; policy LLM πθ; world

model Mϕ with modes [PER] and [PRE]; planning hori-
zon H and task horizon T ; MC rollouts M ; max interac-
tion rounds R per step; history trajectories τ .

1: Initialize interaction history h0 = ∅; initialize s−1 and
a−1 as dummy placeholders for notational convenience.

2: for t = 0, 1, . . . , T do
3: Observe ot from the environment.
4: Perception: st ←Mϕ(st−1, at−1, ot; [PER]) ▷ up-

date symbolic state
5: Update interaction history ht+1 ← ht ∪ {(at−1, st)}
6: Initialize evaluation memory Et ← ∅.
7: for r = 1, 2, . . . , R do
8: Action sampling: (At, help) ∼ πθ(· | g, ht, Et)
9: if help = False or r = R then

10: Select at ← COMMIT(At) ▷ e.g., pick
top-ranked action

11: break
12: end if
13: for each candidate action ã ∈ At do
14: for m = 1, 2, . . . ,M do
15: Prediction: ŝ

(m)
t ← Mϕ(st−1, ã, τ ; [PRE])

▷ sampled with temperature
16: end for
17: Belief state summarization: b(ã) ←

SUMMARIZE({ŝ(m)
t }Mm=1)

18: Et ← Et ∪ {(ã, b(ã))}
19: end for
20: end for
21: Execute: apply at in the environment and receive next

observation.
22: end for

"drawer 2": {" visited ": false , "open":
false , "objects ": []}, "desk 2":
{" visited ": false , "objects ": []},
... other receptacles omitted ...}}

Sample 2: {" agent_location ": "desk 1",
"inventory ": null , "world_state ":
{"desk 1": {" visited ": true , "objects ":
[" pencil 2", "cd 1", "book 1"]},
"drawer 1": {" visited ": false , "open":
false , "objects ": []}, "drawer 2":
{" visited ": false , "open": false ,
"objects ": []}, "desk 2": {" visited ":
false , "objects ": []},
... other receptacles omitted ...}}

Sample 3: {" agent_location ": "desk 1",
"inventory ": null , "world_state ":
{"desk 1": {" visited ": true , "objects ":
[" laptop 1"]}, "drawer 1": {" visited ":
false , "open": false , "objects ": []},
"drawer 2": {" visited ": false , "open":
false , "objects ": []}, "desk 2":
{" visited ": false , "objects ": []},
... other receptacles omitted ...}}

Belief state summarization. The Monte Carlo
samples are compressed into a concise natural-
language summary:

After the agent goes to desk 1, the agent’s loca-
tion updates from “middle of the room” to “desk
1,” and desk 1’s “visited” status changes to True.
The objects visible on desk 1 differ across pre-
dicted states but consistently include at least one
of the following: pencil (4 of 10), book (3 of 10),

alarmclock (2 of 10), creditcard (2 of 10), cd (2
of 10), and laptop (1 of 10). No mug is predicted
on desk 1. All other receptacles remain unvisited
and unchanged. Inventory stays empty.

Policy reasoning conditioned on belief state.
The LLM planner reasons over the summarized
belief states for all candidate actions:

Task is to put some mug on desk. Currently, the
inventory is empty and the agent is at the middle
of the room. Among the provided actions, going
to desk 2 is predicted to reveal a mug (mug 1),
which directly helps identify a mug. Going to desk
1 also reveals objects but no mugs are predicted,
and drawers rarely contain mugs. Therefore, “go
to desk 2” is the most promising action for finding
a mug.

As shown, the belief state distills distributional
information across sampled futures (e.g., which
objects are likely or unlikely to appear, and with
what frequency) into a concise natural-language
summary, bridging the gap between raw structured
predictions and the LLM planner’s reasoning.

N Discussion on Privileged Learning and
Scalability of Symbolic State
Representations

Privileged learning. The world model in
IMPLEMENT is trained on symbolic state transitions
derived from ALFWorld’s built-in symbolic engine,
which provides ground-truth object-centric state
annotations. This constitutes a form of privileged
learning—a paradigm widely adopted in robotics
for efficiently bootstrapping perception and dynam-
ics models (Pinto et al., 2017; Yamada et al., 2024;
Wang et al., 2024b). While such privileged super-
vision is typically unavailable in open real-world
settings, we emphasize that it is used here for exper-
imental convenience—to assess the planning mech-
anism without conflating it with the separate chal-
lenge of learning state abstraction from scratch—
rather than being a fundamental requirement of
the framework. The core contribution of this work
is the test-time imaginative planning mechanism
(IP + MetaICL), which is orthogonal to the data
collection and supervision strategy.

In practice, equivalent state annotations could
be obtained through several alternative pipelines
that do not rely on a built-in symbolic engine: (i)
automatic labeling via pretrained open-vocabulary
object detectors or VLM-based captioning systems,
which can extract object identities, locations, and
attributes from raw images; (ii) semi-automatic
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bootstrapping, where a small set of human annota-
tions is used to train an initial state extractor that is
then scaled via self-training on unlabeled interac-
tion data; and (iii) sim-to-real transfer, leveraging
simulator-provided symbolic data as pretraining
priors whose learned abstractions are subsequently
adapted to real-world environments with limited
fine-tuning. These alternatives make the frame-
work applicable beyond environments with built-in
symbolic engines.

Scalability of symbolic representations. The
current implementation employs a fixed, object-
centric schema sufficient for the structured house-
hold environments in ALFWorld, where objects
belong to a closed set of categories and carry a
bounded number of attributes. We acknowledge
that real-world environments with unconstrained
action spaces, open-vocabulary entities, and high
object density would require more flexible repre-
sentations. The linear text serialization of symbolic
states could grow substantially in dense scenes, po-
tentially consuming a large portion of the planner’s
context window or diluting its attention.

Several directions show promise for addressing
these scalability concerns. Neuro-symbolic rep-
resentations—combining neural perception with
compositional symbolic structure—can accommo-
date open-vocabulary entity discovery while retain-
ing the compositional reasoning advantages of sym-
bolic interfaces. In fact, our current approach al-
ready takes a step in this direction by using a VLM
to generate symbolic states from visual inputs; ex-
tending this so that the schema itself can be dynami-
cally constructed rather than predefined is a natural
next step. In addition, state-pruning or forgetting
mechanisms—such as filtering objects by task rel-
evance, recency, or spatial proximity—could fur-
ther improve scalability in cluttered environments.
We also note that more complex real-world tasks
may involve other agents with volition and internal
states; world models will need to develop suitable
representations of these actors, connecting to the
growing body of work on machine Theory of Mind
(Rabinowitz et al., 2018; Zhang et al., 2025c).

O Supplementary Experimental Results

O.1 Results with Qwen3.5-Plus and SimuRA
Symbolic-State Variant

To further validate the generalizability of
IMPLEMENT and isolate the contribution of our
explicit world-modeling mechanism, we report

additional experiments using Qwen3.5-Plus
(qwen3.5-plus-2026-02-15)—a latest-generation
LLM distinct from the four backbones evaluated in
the main paper—as the policy model. In addition,
we evaluate a variant of SimuRA (Deng et al.,
2025) that consumes the same symbolic state
input produced by our world model’s perception
module (denoted “SimuRA (WM Percep.)”), while
keeping SimuRA’s planning procedure unchanged.
This aligns the perception interface and enables
a direct comparison focused on differences in
transition modeling and planning. All results
below are SR@1 (success rate on the first trial)
averaged over the full set of 134 evaluation tasks.

Table 6: SR@1 on 134 OOD tasks with Qwen3.5-Plus
as the policy backbone.

Agent SR@1

IMPLEMENT w/ IP (ours) 67.9% (91/134)
IMPLEMENT w/o IP 58.9% (79/134)
SimuRA (WM Percep.) 44.8% (60/134)

The results confirm two key findings: (i) Imag-
ined Policy Iteration provides consistent gains
(+9.0%) that are not substitutable by increased
backbone capacity; and (ii) under aligned percep-
tion, IMPLEMENT outperforms SimuRA by 23.1 per-
centage points, attributable solely to differences
in world modeling and planning (i.e., our explicit
learned dynamics model with uncertainty-aware
Monte Carlo rollouts vs. SimuRA’s LLM-prior-
based simulation). The fact that these advantages
hold with a new backbone further demonstrates
that IMPLEMENT generalizes across LLM families
and versions.

O.2 Multi-Seed Variance Estimation
To assess the stability of our results, we report the
mean and standard deviation of SR@1 across 12
repeated runs for all frozen-LLM agents in Table 7.

Across all four policy backbones, IMPLEMENT
consistently achieves the highest average SR@1
while exhibiting comparable or smaller standard
deviations, indicating stable and reliable perfor-
mance across repeated runs.
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Table 7: SR@1 mean (std) across 12 repeated runs for all frozen-LLM agents. Bold indicates the best average
performance within each policy backbone group.

Agent Pick Clean Heat Cool Look Pick2 Avg.

GPT-4.1-mini
Vanilla 0.37 (0.06) 0.30 (0.04) 0.42 (0.06) 0.19 (0.08) 0.26 (0.08) 0.10 (0.06) 0.29 (0.02)
ReAct 0.68 (0.05) 0.54 (0.07) 0.16 (0.05) 0.22 (0.07) 0.22 (0.10) 0.45 (0.08) 0.40 (0.02)
Self-consistency 0.53 (0.05) 0.66 (0.05) 0.52 (0.08) 0.38 (0.07) 0.56 (0.08) 0.29 (0.11) 0.51 (0.04)
SimuRA 0.60 (0.07) 0.31 (0.08) 0.14 (0.07) 0.08 (0.08) 0.31 (0.06) 0.19 (0.10) 0.29 (0.02)
IMPLEMENT w/o IP 0.56 (0.07) 0.62 (0.09) 0.49 (0.05) 0.37 (0.09) 0.52 (0.15) 0.23 (0.11) 0.49 (0.03)
IMPLEMENT (ours) 0.66 (0.04) 0.78 (0.04) 0.72 (0.07) 0.73 (0.04) 0.65 (0.07) 0.40 (0.09) 0.68 (0.02)

GPT-4.1
Vanilla 0.36 (0.06) 0.34 (0.06) 0.50 (0.07) 0.40 (0.08) 0.38 (0.08) 0.17 (0.08) 0.37 (0.04)
ReAct 0.65 (0.04) 0.84 (0.03) 0.14 (0.05) 0.26 (0.07) 0.33 (0.09) 0.57 (0.07) 0.48 (0.03)
Self-consistency 0.52 (0.04) 0.76 (0.05) 0.31 (0.10) 0.79 (0.04) 0.69 (0.03) 0.33 (0.13) 0.58 (0.03)
SimuRA 0.72 (0.04) 0.56 (0.09) 0.20 (0.09) 0.33 (0.09) 0.47 (0.11) 0.46 (0.12) 0.47 (0.03)
IMPLEMENT w/o IP 0.60 (0.07) 0.75 (0.04) 0.40 (0.10) 0.80 (0.06) 0.71 (0.05) 0.27 (0.13) 0.61 (0.03)
IMPLEMENT (ours) 0.68 (0.06) 0.85 (0.07) 0.78 (0.06) 0.50 (0.07) 0.81 (0.04) 0.42 (0.05) 0.69 (0.03)

Gemini-2.5-Flash
Vanilla 0.50 (0.06) 0.27 (0.06) 0.44 (0.07) 0.23 (0.06) 0.50 (0.09) 0.04 (0.06) 0.35 (0.03)
ReAct 0.71 (0.05) 0.75 (0.06) 0.17 (0.07) 0.22 (0.07) 0.54 (0.09) 0.59 (0.08) 0.51 (0.03)
Self-consistency 0.63 (0.06) 0.75 (0.05) 0.73 (0.04) 0.47 (0.04) 0.63 (0.05) 0.38 (0.09) 0.62 (0.02)
SimuRA 0.63 (0.18) 0.61 (0.23) 0.24 (0.10) 0.25 (0.19) 0.51 (0.21) 0.48 (0.25) 0.46 (0.18)
IMPLEMENT w/o IP 0.62 (0.05) 0.77 (0.04) 0.72 (0.04) 0.46 (0.08) 0.78 (0.07) 0.39 (0.11) 0.64 (0.02)
IMPLEMENT (ours) 0.72 (0.04) 0.85 (0.04) 0.79 (0.09) 0.61 (0.06) 0.81 (0.04) 0.43 (0.10) 0.72 (0.03)

Qwen2.5-VL-72B
Vanilla 0.15 (0.06) 0.13 (0.05) 0.36 (0.09) 0.31 (0.09) 0.17 (0.05) 0.01 (0.03) 0.20 (0.03)
ReAct 0.71 (0.07) 0.77 (0.03) 0.16 (0.07) 0.44 (0.09) 0.31 (0.05) 0.57 (0.05) 0.51 (0.02)
Self-consistency 0.50 (0.03) 0.71 (0.06) 0.48 (0.09) 0.68 (0.04) 0.56 (0.09) 0.09 (0.13) 0.53 (0.03)
SimuRA 0.64 (0.08) 0.65 (0.10) 0.58 (0.11) 0.63 (0.06) 0.54 (0.12) 0.24 (0.07) 0.57 (0.06)
IMPLEMENT w/o IP 0.55 (0.05) 0.71 (0.05) 0.52 (0.09) 0.73 (0.06) 0.57 (0.07) 0.25 (0.10) 0.58 (0.03)
IMPLEMENT (ours) 0.71 (0.08) 0.81 (0.06) 0.80 (0.07) 0.63 (0.09) 0.80 (0.03) 0.42 (0.12) 0.72 (0.03)
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FPV images and actions Symbolic state representations

a1: go to countertop 1

a2: go to countertop 2

{“world state”: 
{“countertop 1”: {“visited”: False, “open”: N/A, “objects”: None},

    “countertop 2”: {“visited”: False, “open”: N/A, “objects”: None},
......}

“agent location”: “middle of the room”
“inventory”: None}

{“world state”: 
{“countertop 1”: {“visited”: False, “open”: N/A, “objects”: None},
 “countertop 1”: {“visited”: True, “open”: N/A,

               “objects”: [“bowl”, “bread”, “knife”, “potato”,
                           “spatula”, “butterknife”},

    “countertop 2”: {“visited”: False, “open”: N/A, “objects”: None},
......}

“agent location”: “countertop 1”,
“inventory”: None}

＋

-

{“world state”: 
{“countertop 1”: {“visited”: True, “open”: N/A,

               “objects”: [“bowl”, “bread”, “knife”, “potato”,
                           “spatula”, “butterknife”},

    “countertop 2”: {“visited”: False, “open”: N/A, “objects”: None},
    “countertop 2”: {“visited”: True, “open”: N/A, 
                    “objects”: [“cellphone”, “creditcard”, “tomato”, “apple”]},

......}
“agent location”: “countertop 1”,
“agent location”: “countertop 2”,
“inventory”: None}

-

＋

-
＋

a3: pick up apple from countertop 2

{“world state”: 
{“countertop 1”: {“visited”: True, “open”: N/A,

               “objects”: [“bowl”, “bread”, “knife”, “potato”,
                           “spatula”, “butterknife”},

    “countertop 2”: {“visited”: True, “open”: N/A, 
                    “objects”: [“cellphone”, “creditcard”, “tomato”, “apple”]
                    “objects”: [“cellphone”, “creditcard”, “tomato”]},

......}
“agent location”: “countertop 2”,
“inventory”: None,
“inventory”: “apple”}

-
＋

a4: go to microwave 1

{“world state”: 
{“countertop 1”: {“visited”: True, “open”: N/A,

               “objects”: [“bowl”, “bread”, “knife”, “potato”,
                           “spatula”, “butterknife”},

    “countertop 2”: {“visited”: True, “open”: N/A, 
                    “objects”: [“cellphone”, “creditcard”, “tomato”]},

......}
“agent location”: “countertop 2”,
“agent location”: “microwave 1”,
“inventory”: “apple”}

-
＋

a5: heat apple with microwave 1

(The agent is initialized in 
the middle of the room. )

{“world state”: 
{“countertop 1”: {“visited”: True, “open”: N/A,

               “objects”: [“bowl”, “bread”, “knife”, “potato”,
                           “spatula”, “butterknife”},

    “countertop 2”: {“visited”: True, “open”: N/A, 
                    “objects”: [“cellphone”, “creditcard”, “tomato”]},
    “microwave 1”: {“visited”: True, “open”: False, “objects”: [“apple (heated)”]}

......}
“agent location”: “countertop 2”,
“agent location”: “microwave 1”,
“inventory”: “apple”, 
“inventory”: None}

-
＋

＋

-
＋

-
＋

o1

o2

o3

o4

o5

s0

s1

s2

s3

s4

s5

Figure 4: Example of state representation and update, when the agent locates and heats an apple.
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Pick & Place: put a peppershaker in drawer

go to shelf 1 go to sinkbasin 1 go to countertop 1 take peppershaker 1 
from countertop 1

go to drawer 1 open drawer 1 put peppershaker 1 
to drawer 1

success

Clean & Place: put a clean cloth on countertop

go to countertop 1 take cloth 1 from 
countertop 1

go to sinkbasin 1 clean cloth 1 with 
sinkbasin 1

go to countertop 1 put cloth 1 to 
countertop 1

successgo to towelhanger 1

Heat & Place: put a hot mug in cabinet

take mug 1 from 
coffeemachine 1

go to microwave 1 heat mug 1 with 
microwave 1

go to cabinet 1 open cabinet 1 put mug 1 to 
cabinet 1

successgo to coffeemachine 1

Cool & Place: put a cool lettuce on countertop

go to countertop 2 take lettuce 1 from 
countertop 2

go to fridge 1 cool lettuce 1 with 
fridge 1

go to countertop 1 put lettuce 1 to 
countertop 1

successgo to countertop 1

Look: look at a book under the desklamp 

go to shelf 1 go to bed 1 take book 1 from bed 1 go to desk 2 go to desk 1 use desklamp 1 successgo to desk 1

Pick Two & Place: find two CDs and put them in safe

take cd 1 from desk 1 go to safe 1 open safe 1 put cd 1 to safe 1 go to desk 1, take 
cd 2 from desk 1

go to safe 1, put cd 2 
to safe 1

successgo to desk 1

Figure 5: Visualized task examples of visual embodied environments in ALFWorld (Shridhar et al., 2020).

Spatial Reachability Constraint
Inadmissible action: take cd 1 from desk 1
Reason:  the agent’s current location differs from the 
target receptacle (desk 1). It must first navigate to the 
corresponding location before any interaction. 

Inventory Capacity Constraint
Inadmissible action: take soapbar 1 from toilet 1
Reason:  The inventory is already occupied. Pick-up 
actions will fail unless the agent places the held object 
(toiletpaper) onto a valid receptacle beforehand. 

Receptacle Occupancy Constraint
Inadmissible action: clean cloth 1 with sinkbasin 1
Reason:  certain interactions require an empty or 
specific receptacle state. For example, if the sinkbasin 
already contains a soap bar, the agent must remove it 
before cleaning a cloth. 

Object-Receptacle Compatibility Constraint
Inadmissible action: put statue 1 to fridge 1
Reason: Not all objects are compatible with all receptacles. 
Attempting to place an incompatible object-receptacle 
pair will consistently fail, regardless of spatial proximity. 

Receptacle Capacity Constraint
Inadmissible action: put toiletpaper 1 to cabinet 1
Reason:  Some receptacles have limited capacity. 
When a receptacle (e.g., a cabinet) is full, placing 
additional objects will fail unless space is freed. 

Occlusion and Access Ordering Constraint
Inadmissible action: examine drawer 3
Reason: Certain receptacles exihbit hierarchical or 
occlusion relationships. For instance, a lower drawer 
(drawer 3) may be inaccessible for interaction until an 
upper drawer (drawer 2) is closed. 

Figure 6: Several non-exhaustive examples of affordance constraints in ALFWorld, highlighting the types of
environment dynamics and interaction constraints that must be reasoned about for successful task execution in
visually grounded embodied environments.
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