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Fig. 1: Illustration of our WALL-EVE agent putting two cups on the same
table in ALFWorld. (Left) Step 1-2: the agent makes a decision via MPC with the
initial unaligned world model, resulting in a failed action for taking cup 2. Step 3: by
comparing real trajectories with the world model predictions, WALL-EVE learns a
critical rule that if the agent’s hand is already holding an item, the action of taking
another item will fail. Step 4-5: the learned rule helps the world model make accurate
predictions for transitions that were predicted mistakenly in MPC. Step 6-7: the agent
adjusts its decision accordingly, placing cup 1 on the table before picking up cup 2
to continue completing the task. (Right) Overview of the multimodal parser, which
integrates textual and visual inputs into a unified JSON-formatted state using a text
parser, object detector, and visual question answering (VQA) module.

Abstract. Constructing world models for Al agents in visual environ-
ments has long been a significant challenge, chiefly due to the difficulty

® Corresponding authors.



2 S. Zhou et al.

of achieving precise alignment of the dynamics between the world model
and the environment, given noisy pixel-level observations. Existing world
models solely rely on video or image generation, which are exceedingly
complex and expensive to train, yet still suffer from hallucinations and
violations of basic rules due to misalignment. In this paper, we show that
a few rules suffice to convert a pretrained large language model (LLM)
to an accurate world model for a specific visual environment. We pro-
pose a training-free approach to efficiently learn these complementary
rules from multimodal agent trajectories collected in the visual environ-
ment. In particular, we convert the multimodal input into structured
text and extract symbolic rules using an LLM by comparing agents’ true
trajectories with world model predictions if they have conflicts. We use
this neurosymbolic approach to induce, update, and prune rules dur-
ing exploration, resulting in a precise world model. It allows us to build
a novel model-predictive control (MPC) agent, “WALL-EVE”, with-
out training any policy. Before taking each action, WALL-EVE utilizes
an LLM as a look-ahead optimizer to determine the next k-step actions
through interactions with our world model. On challenging tasks in ALF-
World and Minecraft, WALL-EVE achieves higher success rates than
existing methods, while reducing inference times and the number of to-
kens required for reasoning. In ALFWorld, WALL-EVE surpasses the
state-of-the-art method RAFA with only 17% of RAFA’s token usage.
In Minecraft, WALL-EVE outperforms baselines by 8-30% in success
rate but costs 8-20 fewer replanning rounds and only 60-85% tokens.
Code is available here.

Keywords: Embodied agent - Large language Model - World model

1 Introduction

Constructing accurate and efficient world models for visual embodied environ-
ments is critical to Al-agent development but remains a formidable challenge.
These models are crucial for simulating, predicting, and planning future trajec-
tories, given past interactions and intended actions [3,[44]. They enable agents
to understand their surroundings, make informed decisions, and execute tasks
with precision. However, achieving accurate alignment between the world model
and the specific dynamics of the deployed environment is a significant obstacle
that hinders the effectiveness of world model-based agents.

Current mainstream approaches to building world models for visual environ-
ments predominantly rely on video generation. These models aim to directly
synthesize realistic videos for future states, leveraging advances in video gener-
ation technologies [1,20,|32]. Despite their potential, these approaches mainly
focus on low-level details but lack semantic-level alignment with environmental
dynamics, resulting in violations of basic rules and hallucinations. Specifically,
ensuring that generated videos or images accurately reflect the underlying physi-
cal and temporal properties of the environment is inherently difficult [24]. Unlike
language, which benefits from well-established structures and controllable gen-
eration processes, video and image generation are less constrained and more
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susceptible to discrepancies between generated content and real-world dynam-
ics [7./43L[63].

Establishing alignment for video or image generation-based world models
typically involves extensive training to fine-tune them to accurately reflect the
environment’s dynamics, a process that is both time-consuming and resource-
intensive. The high demand for training resources often renders these approaches
prohibitively expensive, limiting their scalability and applicability across diverse
and complex environments [36}43}46].

Addressing these challenges necessitates a paradigm shift in how world mod-
els are constructed for visual embodied environments. In this paper, we introduce
an efficient, training-free method for building a world model that circumvents
the extensive resource demands of video and image generation approaches. Our
method leverages the strengths of Large Language Models (LLMs) by verbaliz-
ing visual inputs to transform them into a structured text-based representation
of the visual world. This transformation allows us to exploit the well-controlled
and structured nature of language to achieve alignment between the LLM-based
world model and the environment’s dynamics. By tapping into the rich prior
knowledge embedded within LLMs, we streamline the alignment process, mak-
ing it more resource-efficient and scalable.
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the environment to collect
real trajectories, verbalizes
the visual inputs, and com-
pares these text-based representations with the predictions of the LLM world
model. The comparison results are then analyzed by an LLM, which extracts
new rules or modifies existing ones to improve the consistency between the pre-
dicted and real trajectories. To keep the rule set minimal and necessary, we
prune the rules by solving a maximum coverage problem, selecting a subset of
rules that maximally cover the transitions the LLM alone failed to predict. This
iterative rule learning procedure continues until the combination of the LLM and
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the learned rules performs as an accurate world model. Importantly, this align-
ment process does not rely on gradient-based training, significantly reducing the
computational overhead traditionally associated with world model development.

The precise neurosymbolic world model achieved by WALL-EVE enables
stronger model-based LLM agents for challenging open-world tasks. However,
model-based reinforcement learning (RL) of LLM agents in complex visual en-
vironments is still hindered by the expensive exploration and fine-tuning of
LLMs. We therefore revisit the classical idea of model-predictive control (MPC)
[17H191137], which, unlike RL, does not require training a policy network but op-
timizes actions over a look-ahead time window at each step. To reduce per-step
optimization cost, we use the LLM agent as an optimizer, searching for the op-
timal look-ahead actions by interacting with the LLM world model established
via visual verbalization and rule alignment in WALL-EVE. With an aligned
LLM world model and an efficient LLM-based optimizer, MPC leads to a more
promising and efficient framework for LLM agents in open-world environments.

We evaluate WALL-EVE on challenging open-world environments such as
ALFWorld and Minecraft, in which agents need to explore large-scale landscapes,
understand multi-modal inputs, and target complicated tasks. Our contribu-
tions are threefold: (i) We investigate the underexplored challenge of world
alignment for LLM agents. (ii) We propose a novel class of neurosymbolic world
models based on rule learning and visual verbalization with LLMs. (iii) We de-
velop an LLM agent excelling in visual environments on top of MPC using the
aligned world model.

2 Related Work

Recent world models for visual environments are resource-intensive due to their
reliance on video or image generation [1,2032,4352]. Our approach circumvents
these demands by employing visual verbalization to construct a parallel text
representation, enabling the usage of the LLM-based world model in a training-
free manner. Unlike previous work aligning LLMs with environments through
fine-tuning or using hand-crafted prompts [5},6,/11};/12}/14}29./53}54], our method
achieves automatic alignment via rule learning from the agent-explored trajecto-
ries, reducing human intervention and enhancing performance. While integrating
LLMs with rule learning has improved reasoning and generalization in various
tasks [31},}55}[57,|60,/62], prior work is always model-free and has not focused
on aligning LLM-based world models with environment dynamics. Our research
fills this gap and first develops an MPC-based agentic framework. Please refer
to Appendix [A] for a more comprehensive discussion.

3 Method

3.1 Multimodal Parser

Consider an LLM agent 7,1\ interacting with a visual environment over a fixed
horizon length H. At each time step h, the agent observes the environment state
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Fig.3: Rule learning details. Rule learning iteratively refines the rules by com-
paring the world model’s predictions with the agent’s actual trajectories in the en-
vironment, which takes five steps: (1) comparing predicted and actual trajectories;
(2) learning new rules from real trajectories; (3) refining learned rules on all previous
transitions; (4) translating text rules to code; and (5) rule set pruning via solving a
maximum coverage problem in Eq. [3| (2)-(4) are handled by LLMs, while (1) and (5)
are executed by programs.

sp = (sh, s}), comprising textual information s}, (e.g., task descriptions) and vi-
sual input s}, (e.g., agent’s first-person view). To effectively leverage these obser-
vations, we introduce a multimodal parser fparser, converting s into a structured
JSON representation: sj = foarser(sh, s%), as shown in Figure [1} Specifically, st
is structured into standardized text, while s} is processed through an object de-
tector and a visual question answering (VQA) module to extract relevant objects
and context. This unified representation s,{ replaces the raw state sy, facilitating
structured learning of LLM-based world models. Using si , the LLM agent selects
an action ap = TLLM (s;{ ) and observes the subsequent state s;{ Y1 Each transition
is denoted by d;, = (si, anp, si_ﬂ), and an episode trajectory is represented as 7 =
(sd,a0,87,...,8% _1,am_1,s3). For brevity, we hereafter denote s’ simply as s.

3.2 Model-Predictive Control (MPC) Agent

We integrate Model-Predictive Control (MPC) with our LLM-based world model
fwm to enhance agent planning and decision-making (Figure. Given a current
state-action pair (sp,ap), the world model predicts the next state as §,11 =

Jwm(Sn,ar). MPC aims to determine the optimal action sequence A* = {ahH}iI;Ol
that maximizes the expected cumulative reward over a finite horizon H:
H-1
AT = arg;nax Z V' F(8h+it1), (1)

=0
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where 7 € [0,1] is the discount factor and F(-) is the reward function evaluated
on the predicted next state. Misalignment between predicted and true dynamics
may lead to inaccurate rewards and suboptimal or unsafe actions. Addressing
this misalignment is essential for reliable MPC performance.

3.3 World Alignment with Rule Learning in Visual Environment
(WALL-EVE)

Accurately predicting next states in open-world visual environments is challeng-
ing due to complex and variable dynamics. To mitigate misalignment between
the LLM world model f, and the true environment, we propose a rule learning
framework (Figure [3|) that leverages LLMs’ inductive reasoning and code gen-
eration capabilities. By extracting symbolic rules from structured multimodal
inputs, this framework aligns fym with the real environment, improving predic-
tion accuracy and downstream MPC performance.

Comparing Predicted and Real Trajectories. To detect misalignments, we com-
pare the predicted next state §p41 with the actual s;,41. Specifically, our world
model first predicts whether a transition will succeed or fail, represented by a
binary variable stic € {0,1}, and then predicts the next state sj11, since sp41
can be directly derived from the success/failure, e.g., if “craft a table” succeeds,
the number of tables would increase by one and the consumed materials would
decrease in sp,11. This prediction process resembles chain-of-thought [50], and
can be defined as:

S’&Ch - fwm(sha ah)a §h+1 - fwm(sh; Qp, S’leCh). (2)

By contrast, directly predicting sp41 and comparing the prediction with the
actual state can be overly complex and prone to noises from random factors
(e.g., weather or creature presence). Thus, we only compare the predicted vs.
actual transition success/failure.

We classify transitions into correct (§°°* € D) and incorrect (§¢ € Dme)
predictions, as shown in Step 1 of Figure |3] Then, real trajectories will be used
to induce new rules, and D" can be adopted to prune redundant ones, aligning
the world model with real dynamics efficiently.

Learning New Rules from Real Trajectories. Before addressing these misalign-
ments, we prompt the LLM fgzen to generate new natural language rules from
environmental trajectories 77 (see Appendix for detailed prompt). fgen
produces new natural language rules RNY that explain the observed dynamics,
ensuring they are distinct from previous rules RNL : RNL — fgen(Treal7 RNL ).

prev* new prev
Refining Learned Rules. Then, we prompt the LLM to update existing rules
based on the real trajectories 77°*! (see Appendix for detailed prompts).
Rules learned in the early exploration stage could be inaccurate due to the
limited data coverage, so the LLM needs to identify conflicting rules and update
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them as needed. The set of all existing rules is denoted to RN = RN U

RNL where the LLM frefine refines these rules with the real trajectories: RNV =

new?

{TNL 1‘]\;1 = freﬁne(Tmala RNL)'

%

Translating Natural Language Rules to Code. The refined natural language rules
RNL are then translated into executable code using an LLM fcode, vielding
the code-based rule set RC°de = {pCodelN  — £ ;. (RNL). See Appendix

n=1 =
for the prompting details. Each rule 7$°9¢ (an example in Step 4 of Figure [3|

n
full examples in Appendix @) returns a success flag (suc®°9¢), feedback, and
suggestion. The flag determines transition validity, the feedback and suggestion

provide information about the outcome.

Rule Set Pruning via Maximum Coverage. To ensure correctness, each candidate
rule is verified against ground-truth transitions from the real trajectory 77!,
and any rule that misfires is discarded. For executability, rules that raise errors
during any execution are also removed. The rule set is further optimized by
selecting those that maximize coverage of incorrectly predicted transitions D¢,
effectively targeting the most critical misalignments. Notably, since the LLM
already captures most environment dynamics, the learned rules focus solely on

correcting residual errors—resulting in a compact and highly targeted rule set.

As aforementioned, our world model first predicts whether a transition will
succeed or fail (binary classification). Hence, our learned rules predict only tran-
sition success or failure. Specifically, each rule is formulated as: “if [state matches
the condition] then [transition success/failure] otherwise [null].” A rule is acti-
vated when the state matches the corresponding conditions, resulting in a non-
null output. An activated rule TZ-COde that corrects an initially mispredicted tran-
sition 6}“‘3 is said to have covered it.

We formulate rule pruning as a maximum coverage problem, seeking the
subset R* C RCode,

R* =argmax| | J D, st |R <k (3)

RCRCo  codecp

where D" is the subset of transitions covered by rules, i.e., D" £ {§"¢ € D¢ .
§m¢ covered by r¢°de € RC°del The parameter k > 0 is the limit of selected
rules, and we find that a large k£ leads to better performance. We solve this
problem using a greedy algorithm (see Appendix . This procedure discards
rules covering only correct transitions and redundant rules subsumed by broader
rules (Step 5 in Figure . After pruning, we overwrite the rule set with the
selected subset, i.e., we set RE°4¢ < R* and (for simplicity) continue to denote
the pruned rule set as R°°% in the remainder of the paper. The complete rule
learning pipeline described in Section is denoted as:

R4 ¢ RULELEARNING(7P™d, 7real), (4)



8 S. Zhou et al.

3.4 Inference on LLM Agents with Learned Rules

At inference time, code-based rules serve as a post-prediction check to refine the
world model’s output. The final next state is computed as:

8h11 = ALIGN(fum, RE°% 51, an), (5)

correcting predictions when active rules (i.e., the rule produces a non-null out-
put) detect contradictions. The alignment function is defined as:

Cod. : Cod -
R fwm(sha aha SUChO C)a lf SUChO ¢ 7é SUC}L,
Sh+1 =

fwm (8h, an, sticy), otherwise,

(6)

where siicy, is the success prediction from the world model (see Equation [2)), and
suct°de is the success flag returned by the rule set RC°4® (Section This
mechanism allows the model to revise its predictions when symbolic rules detect
inconsistencies, improving transition accuracy.

Importantly, we never wholesale replace sucy, with sucg‘)de. Since the LLM al-
ready encodes the bulk of environment dynamics, our rules only correct residual
misalignments that the LLM missed. Consequently, the learned rule set remains
very compact. Embedding this alignment step into the MPC planner (Algo-
rithm yields more accurate future-state estimates and thus stronger plan-
ning performance. Unlike classical MPC, which relies on random sampling, our
method leverages the LLM’s prior w1\ to propose high-quality candidate ac-
tions, significantly reducing the search space.

WALL-EVE operates in a training-free iterative loop alternating between
MPC and Rule Learning. During MPC, the LLM agent proposes actions eval-
uated by a symbolic world model using current rules. In parallel, new rules are
learned from recent interactions, and integrated into the model. This contin-
ual refinement ultimately enhances its decision-making capabilities (detailed in
Algorithm .

4 Experiments

4.1 Experimental Setup

Benchmarks. ALFWorld is a virtual environment designed as a visual/text-
based simulation where agents perform tasks by interacting with a simulated
household environment [40]. Text-based refers to the scenario without visual
perception, where ground-truth state information is directly included in the in-
put. Visual-based denotes the scenario with visual perception, where ground-
truth state information is excluded and agents must perceive visual information
using visual perception tools. This benchmark includes six distinct task types,
each requiring the agent to accomplish a high-level objective, such as placing a
cooled lettuce on a countertop. Minecraft is a popular open-world environment.
We employ the standard evaluation pipeline provided by MineDojo’s TechTree
tasks [10], which can be categorized into six levels of increasing difficulty: Wood,
Stone, Iron, Gold, Diamond, and Redstone. See Appendix || for details.



WALL-EVE: World Alignment with Rule Learning in Visual Environments 9

Algorithm 1 Model-Predictive Control (MPC)
RCode

Input: s, , planning horizon H

Initialize: Best plan aj.;, 1 < 0, best state sequence 8 1.,z < 0, best cumula-
tive reward rew” + —oo

Output: aj,, 5,14

1: for all candidate plans ap:ptym—1 ~ 7TLLm (S, H) do
2 St < sp, rew < 0

3 fort=htoh+ H—1do

4: 3141 < ALIGN(fwm, RE°%, 5¢,a;) /*eq. [5|*/
5: rew < rew + F(8i41)

6: Snt1:4+1-append(Sz11)

7 St 4 8441

8 end for

9: if rew > rew”* then
10: rew”® < rew
11: A H—1  Ohchb H—1
12: Shit:htnm & ShtvhtH
13: end if
14: end for

Algorithm 2 WALL-EVE

/* RULELEARNING() in Sec. MPC() in Sec. [3.4]*/
Initialize: R°%° « (), 77 7P™d <[] h < 0, s0 < ENV()

1: while =TASKCOMPLETE(s)) and —AGENTDIED(s;) do
2 an,dnt1 — MPC(sy, R%%) /*Alg.[1] */

3: Sh+1 < ENV(ag)

4 77 APPEND((s1, an, Shi1))

5. 7P ApPEND((sn, an, nr1))

6:  RY9° « RULELEARNING(7P™d, 77!} /* eq, |4|*/
7 h<h+1

8: end while

Baselines. For ALFWorld, the baselines include SOTA training-free methods
such as RAFA [30] and AdaPlanner [41], as well as training-based methods such
as EMMA [58| and InstructBLIP [8]. For Minecraft, the baselines adopt different
action controllers and were originally evaluated in different benchmarks and
environments (see Appendix, making direct comparisons infeasible. For fair
comparisons, we re-implemented their planning frameworks (since planning is

our main focus) in our setting and kept all the other setups the same, as shown
in Table 3

Implementation Details. We adopt different LLM backbones to match the dif-
ficulty of each environment: GPT-40 for Minecraft and GPT-3.5-Instruct for
ALFWorld. In each environment, we use the same backbone as the correspond-
ing baselines to ensure a fair comparison. For visual perception, Minecraft lever-
ages GPT-40, while ALFWorld employs a Mask R-CNN model fine-tuned on the
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Table 1: Comparison of WALL-EVE with MiniGPT-4 |70], BLIP-2 |26], Instruct-
BLIP [8], EMMA [58], ReAct [61], DEPS [48|, AdaPlanner [41], Reflexion |39,
RAFA [30] on ALFWorld tasks. #-reported in previous work. ‘Trained’ methods
require task-specific training; ‘Train-free’ methods do not. ‘Text environment’ includes
ground truth inputs; ‘Visual environment’ requires perception from raw visuals. Bold
indicates the best result. WALL-EVE lags EMMA in visual mode since EMMA is
trained on these tasks, whereas WALL-EVE is training-free.

Success rate (%) 1
Avg. Pick Clean Heat Cool Look Pick2

Method

Visual environment

YMiniGPT-4* 16 4 0 19 17 67 6
£ BLIP-2* 4 0 6 4 11 6 0
® InstructBLIP* 22 50 26 23 6 17 0
B EMMA* 8 71 94 85 83 88 67
9 ReAct 50 66 31 61 70 32 39
& AdaPlanner 62 83 75 54 63 46 35
& Reflexion 68 79 71 51 72 61 T4
E RAFA 72 8 72 65 71 58 77

WALL-EVE 75 88 77 61 68 61 94

Text environment

o ReAct* 54 71 65 62 44 28 35
o DEPS* 76 93 50 80 100 100 O
“ AdaPlanner 91 100 100 89 100 97 47
‘7 Reflexion 8 92 94 70 81 90 88
& RAFA 95 100 97 91 95 100 82

WALL-EVE 95 100 97 100 8 85 100

ALFRED dataset [40]. The LLM agent’s temperature is set to 0.7, whereas the
LLM world-model is run with a temperature of 0.0. Details about the computing
resources used for all experiments are provided in Appendix

Metrics. (1) Success rate (higher is better): the percentage of tasks the agent
completes successfully. (2) Replanning rounds (lower is better): the number
of times the agent revisits the same task to revise its plan for recovering from
the failed task planning. (3) Token cost (lower is better): the number of tokens
consumed by LLM agent/world models during task completion. See Appendix
[[.T for details.

4.2 Main Results

WALL-EVE demonstrates superior planning abilities and sample efficiency. In
ALFWorld, WALL-EVE achieves the highest success rate while requiring only
17% of the token cost compared to the SOTA method RAFA (Tables [1] and [2).
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Fig. 4: Comparison of WALL-EVE and baselines on 134 testing tasks from the ALF-
World benchmark in text and visual environments.

Predictions for Action Craft Predictions for Action Mine
1004 1004
_2(mine)
;\3 801 & 3(craft) 804 Rule_7(mine)
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-4
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(e}
o
201 20+
04 T T T T 04 T T T T
0 1 2 3 4 0 1 2 3 4
Iteration Times Iteration Times

Fig. 5: Cover rate of LLM failed predictions across different actions over iteration times
during training. It reflects the proportion of errors corrected by learned rules. Rules
added at each iteration are shown under each node.

WALL-EVE also reaches peak performance with fewer iterations (Figure [4).
Notably, our method’s lower success rate compared to EMMA is expected, as
EMMA is trained on test tasks, while ours is training-free. In Minecraft, WALL-
EVE significantly outperforms baseline methods by 8-30% in success rate, while
using only 60-85% of baseline token usage and requiring 8-20 fewer replanning
rounds than other approaches (Tables [3[ and . Gains are most notable on
harder tasks like Golden, Diamond, and Redstone, while model-free methods ex-
cel mainly on easier tasks like Wood and Stone. See Appendix [F| for additional
experimental results, including standard deviations and tests for statistical sig-
nificance.

Multimodal information processing enhances performance. In Minecraft, as shown
in Table [3| the absence of visual modality information leads to a significant
performance decline: success rates drop by approximately 10%, and about 5
additional replanning rounds are required. This underscores the necessity of
multimodal information processing and highlights the limitations of relying on
single-modality data in complex environments.



12 S. Zhou et al.

Success Rate (%)

70
R
o 60
9
©
o
a50
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o —e— Memory/Skill Library
@ 40 WALL-EVE Rules
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Fig. 6: Learning curve comparison between rule learning (e.g., WALL-EVE) and

memory/skill library (e.g., Jarvis-1, Voyager, GITM) over 10 iterations on Minecraft
tasks during training.

Table 2: Token-cost comparison on ALFWorld across all baselines. Token cost reports
the average number of LLM tokens consumed per task, and Cost reports the corre-
sponding API cost in USD. Lower is better for both metrics, and the lowest cost is
highlighted in bold, and the second-lowest cost is underlined. WALL-EVE achieves
the highest success rate while maintaining the second-lowest token and API cost among
all baselines; ReAct is cheaper but attains substantially lower success, whereas RAFA
is far more expensive.

Metric ReAct AdaPlanner Reflexion RAFA WALL-EVE
Token cost | 53210.94 74560.55 68727.18 392268.28 68288.96
Cost (USD) | 0.37 0.52 0.48 2.73 0.47

Visual modality information perception is challenging. Table [1| compares perfor-
mance across visual and text environments in ALFWorld, with conditions where
ground truth information is either excluded or included. The results indicate
that all methods experience reduced performance in the visual environment, un-
derscoring the challenges of processing visual information. Contributing factors
to this performance reduction include limitations of object detectors, occlusions
between objects, and objects falling out of sight. Despite these perceptual chal-
lenges, our method, WALL-EVE, consistently exhibits competitive decision-
making abilities, highlighting its resilience in visually complex tasks.

4.3 Ablation Study

Rule learning achieves efficient “world alignment”. We benchmark our rule-
learning approach against memory/skill library methods (e.g., Jarvis-1, Voy-
ager, GITM). To quantify “world alignment,” we collect transitions that the
LLM world model initially mispredicts and measure the cover rate: the fraction
of these errors corrected by our learned rules. As shown in Figure [5] both the
agent’s success rate (Figure @ and the rule set converge after four iterations,
yielding a compact, stable rule library. By iteration four, cover rates exceed
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Table 3: Comparison of WALL-EVE with DEPS [48], PlandMC |2|, Jarvis-1 |49],
Voyager [45], GITM |71] and Optimus-1 [28] on Minecraft tasks by frameworks, suc-
cess rate and replanning rounds. Jarvis-1/Voyager/GITM share the same planning
framework. Framework components: Reasoning (Rea), Reflector (Ref), Memory (Me),
Skill Library (SkLi), Knowledge Graph (KnGr), Rules (Ru). ‘w/o visual‘ removes vi-
sual input; ‘w/0 WM* excludes the world model. Best scores per task are in bold.

Method Planning Framework Success rate (%) 1 (Replanning rounds |)

Rea Ref Me/SkLi KnGr Ru  Avg. Wooden  Stone Iron Golden Diamond Redstone
GPT-40 9(46.70) 36(35.50) 19(44.72)  0(c0) 0(c0) 0(c0) 0(c0)
DEPS v v 37(35.36) 83(10.67) 41(33.26) 33(35.27) 22(45.29) 24(42.46) 17(45.22)
PlandMC v v 48(28.71) 91(5.77) 75(13.01) 43(34.03) 32(36.59) 26(30.38) 21(43.47)
Jarvis-1/ Voyager/ GITM v v v 54(25.49) 96(3.42) 92(6.01) 57(23.93) 20(37.17) 30(39.80) 22(42.63)
Optimus-1 v v v 61(22.45) 95(3.20) 94(4.68) 64(21.69) 41(30.49) 31(39.88) 38(34.67)
WALL-EVE w/o visual v v v 59(20.47) 95(2.88) 90(5.00) 62(19.78) 42(29.20) 35(32.50) 33(33.39)
WALL-EVE w/o WM v v v 61(23.13) 94(5.04) 89(9.58) 67(18.56) 33(30.67) 41(32.73) 43(33.21)
WALL-EVE (ours) v v v 69(15.77) 98(1.64) 91(4.58) 63(19.38) 69(15.61) 46(27.08) 48(26.33)

Table 4: Comparison of WALL-EVE and baselines on Minecraft tasks for average
token cost and API costs (in USD). ‘w/o visual’ omits visual input, ‘w/o WM’ excludes
the world model. Lowest cost is in bold.

Method Token cost | Cost in USD |
DEPS 93560.95 0.65
Jarvis-1/Voyager/GITM  74638.54 0.51
Optimus-1 70566.67 0.48
WALL-EVE w/o visual ~ 78334.69 0.53
WALL-EVE w/o WM 72390.16 0.52
WALL-EVE (ours) 60348.71 0.41

Table 5: Ablation of WALL-EVE with different configurations on Minecraft tasks.
The row in bold shows the configuration and performance of WALL-EVE.

Agent World Model Success rate (%) T Replanning rounds |

LLM - 37 35.36
LLM LLM 38 33.53
LLM-+rules - 61 23.13
LLM LLM--+rules 69 15.77
LLM+rules LLM-+rules 67 16.59

87% for craft actions and 96% for mine actions on the Minedojo benchmark,
confirming that our rules efficiently correct residual misalignments.

Rule-aligned world model is critical. Results in Table [5| reveal: (1) Regardless
of whether the learned rules are applied within the agent or the world model,
adding them significantly enhances the total performance. The success rate in-
creases by 20% to 30% approximately. This observation underscores the crucial
role that rules play in improving the effectiveness of WALL-EVE. (2) When
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Table 6: Ablation of multimodal perception noise in ALFWorld, reporting success
rates (%). A reports the performance change when replacing fine-tuned Mask R-CNN
with GPT-4o (vision). Best scores are in bold.

Perception Model Method

AdaPlanner Reflexion RAFA WALL-EVE
Fine-tuned Mask R-CNN 62 68 72 75
GPT-4o (vision) 48 50 56 64
A -14 -18 -16 -11

Table 7: Ablation of rule set pruning in Minecraft. Bold column indicates the config-
uration used by WALL-EVE.

w/ Prune - Rule Set Limit

Metrics w/o Prune

2 4 no limit (6)
Success rate (%) 1 12 52 64 69
Replanning rounds | 46.79 24.11 18.71 15.77

the learned rules are utilized within the world model, they contribute to nearly
a 30% improvement in success rate, whereas using rules within the agent re-
sult in about a 20% improvement. This disparity may be primarily due to the
fact that the learned rules are highly related to the state information (See Ap-
pendix [D] for more details). (3) MPC using a world model without rules offers
limited improvement, confirming that the alignment between the world model
and the environment dynamics by rule learning is essential for WALL-EVE ’s
strong performance. (4) “agent+rules, world model+rules” is worse than “agent,
world model+rules”. Rules are learnt to improve the world model’s prediction of
environment dynamics. But adding them to agents restricts exploration, lead-
ing to entropy collapse, suboptimal MPC sampling, and slightly poorer overall
performance. When only the world model uses rules, MPC benefits from rules
validation while preserving agent entropy.

Robustness to multimodal perception noise. Table [6] shows that WALL-EVE is
more robust to perception noise than strong baselines. In ALFWorld, generic
VLMs (e.g., GPT-40) can misinterpret its non-photorealistic visuals, making
an ALFWorld-finetuned Mask R-CNN a stronger perception backbone. When
switching from fine-tuned Mask R-CNN to GPT-4o, baseline success drops by
~16% on average, while WALL-EVE decreases by only ~11%. This robustness
comes from logic-level denoising: rules are induced from aggregated trajectories
rather than single frames, so sporadic perception errors rarely form stable, ver-
ifiable predicates and are filtered out during rule validation; remaining failures
are mainly caused by systematic noise (e.g., persistent mis-detections).
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Table 8: World-model prediction fidelity on 500 held-out transitions, comparing the
LLM alone with the rule-aligned LLM (LLM+Rules). Success/Failure Acc. evaluates
binary transition-outcome prediction; Next-state Attr. Acc. evaluates task-critical at-
tributes in the predicted next state $,41; and 5-step Rollout Attr. Acc. measures at-
tribute accuracy after recursively rolling out the world model for five steps. Higher is
better for all metrics, and best results are in bold.

Metric Env. LLM LLM-+Rules
. ALFWorld 73 94
Success/Failure Acc. (%) 1 Minecraft 65 85
ALFWorld 70 93
Next-state Attr. Acc. (%) 1 Minecraft 59 o
5-step Rollout Attr. Acc. (%) 1 Minecraft 31 68

Effect of rule pruning. Table [7| shows pruning is essential: without it, noisy/-
conflicting rules reduce success and increase replanning. Allowing more rules
improves performance, and removing the cap performs best, highlighting prun-
ing’s role in keeping a compact, high-impact rule set that aligns the LLM world
model with environment dynamics.

World model prediction fidelity beyond binary outcomes. Our world model pre-
dicts both whether a transition succeeds or fails and the full next state §j41
(Equation ; the success/failure flag is an intermediate chain-of-thought sig-
nal that decomposes the harder direct sp11 prediction. To quantify fidelity be-
yond binary outcomes, we evaluate 500 held-out transitions (Table , where
next-state attribute accuracy focuses on task-critical attributes, e.g., inventory
in Minecraft and object states/switches in ALFWorld. Rule learning improves
next-state attribute accuracy by ~20% and 5-step rollout accuracy by ~37%,
supporting that our aligned LLM functions as a genuine world model rather than
merely a transition verifier.

5 Conclusion

We show that LLMs can act as world models in complex visual environments
using our neurosymbolic alignment approach. This method involves two key
steps: transforming multimodal inputs into textual representations through Mul-
timodal Parser, and aligning the LLM world model with the environment via
rule learning using this textual intermediary. Without needing gradient updates,
we bridge the gap between the LLMs’ prior knowledge and specific environment
dynamics. By integrating this rule-enhanced LLM world model with MPC, our
method achieves superior planning abilities and sample efficiency. These findings
demonstrate that minimal additional rules can align LLM predictions with envi-
ronment dynamics, significantly enhancing agent performance in complex visual
settings.
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