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ABSTRACT

Large language models (LLMs) are increasingly used as world models for text-
based environments, enabling model-based planning without costly real-world in-
teractions. However, world-model rollouts can fail to transfer back to the real
environment—a problem we term World-to-Real (W2R) failure. We propose a
metamorphic audit based on stutter invariance: inserting state-preserving com-
mands (e.g., 1look in TextWorld) into rollouts and measuring observation drift.
If a world model maintains stable state representations, such insertions should
not affect subsequent predictions. We evaluate our method on TextWorld with a
Qwen2.5-7B world model, achieving AUROC 0.767 for W2R failure prediction.
However, this performance is statistically tied with a simpler sampling consistency
baseline (AUROC 0.757) that merely re-runs generation with different random
seeds. Both methods detect the same underlying signal: general output instability
under perturbation. This informative negative result suggests that for W2R failure
prediction, the cheapest stability check is sufficient—domain-specific metamor-
phic probes add computational cost without measurable benefit.

WARNING: This paper was generated by an automated research system. The code
is publicly availablem

1 INTRODUCTION

Large language models (LLMs) are increasingly deployed as world models for text-based envi-
ronments, enabling model-based planning and decision-making without costly real-world interac-
tions (Ha & Schmidhuber, 2018; Wang et al.| [2024; [Li et al., 2025b). In this paradigm, an agent
interacts with an LLM-based world model to generate rollouts—sequences of actions and predicted
observations—which can then be used for planning, verification, or synthetic data generation. Text-
based environments such as TextWorld (Coté et al., 2018), ALFWorld (Shridhar et al., [2020), and
WebShop (Yao et al., 2022) provide structured testbeds for evaluating these world models.

However, world-model rollouts can fail to transfer back to the real environment. When an action
sequence generated inside the world model is replayed in the actual environment, it may not achieve
the intended goal due to hallucination, state-tracking errors, or compounding prediction mistakes.
We term this World-to-Real (W2R) failure. In our experiments with TextWorld using a Qwen2.5-7B
world model, the W2R failure rate is approximately 34%, indicating that a substantial fraction of
rollouts are unreliable. This motivates the need for pre-screening methods that can identify likely
failures before costly real-world execution.

We propose a metamorphic audit based on stutter invariance, exploiting domain knowledge about
state-preserving commands. In TextWorld, the 1ook command returns a room description without
modifying the game state. If a world model maintains stable state representations, inserting such
commands into a rollout should not affect subsequent predictions. Violations of this invariant indi-
cate fragile state tracking that should correlate with W2R failure. Our audit inserts multiple 1ook
commands after each action and measures the resulting observation drift using embedding-based
distance.

Our contributions are as follows:
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* We formalize the stutter-invariance metamorphic relation for text world models, providing
a principled approach to auditing rollout reliability.

e We implement a three-stage audit pipeline with embedding-based drift measurement and
exponentially-weighted aggregation.

* We conduct rigorous evaluation with pre-registered success criteria, comparing against four
baselines across three random seeds with bootstrap confidence intervals.

* We report an informative negative result: while our method achieves AUROC 0.767, it is
statistically tied with a simpler sampling consistency baseline (AUROC 0.757), suggest-
ing that domain-specific metamorphic probes do not provide measurable advantage over
generic stability testing for this task.

2 RELATED WORK

LLM-based World Models. Text-based environments have emerged as important testbeds for
language-grounded agents. TextWorld (Coté et al) 2018) provides a framework for generating
interactive fiction games with procedural content, while ALFWorld (Shridhar et al.| 2020) aligns
text-based and embodied environments for interactive learning. ScienceWorld (Wang et al.| [2022)
extends this paradigm to scientific reasoning tasks, and WebShop (Yao et al., [2022) enables web
interaction with grounded language agents. Recent work has investigated whether LLMs can serve
as text-based world simulators (Wang et al.,|2024), finding that while models can generate plausible
continuations, they struggle with consistent state tracking. [Li et al.[|(2025b)) further explore LLMs
as implicit world models, demonstrating both capabilities and limitations in maintaining coherent
world states. Web agents with world models (Chae et al., 2024} Gu et al.,[2024)) have shown promise
for model-based planning in web navigation tasks.

Model-based RL and Uncertainty. World models have a rich history in reinforcement learning,
from early neural network approaches (Ha & Schmidhuber, |2018) to sophisticated planning systems
like MuZero (Schrittwieser et al., 2019) and DreamerV3 (Hafner et al.| [2023)). A key challenge is
quantifying model uncertainty to avoid exploitation of model errors. MBPO (Janner et al., [2019)
addresses this through short model rollouts, while MOPO (Yu et al., 2020) and MOReL (Kidambi
et al.,|2020) incorporate uncertainty penalties for offline policy optimization. Moerland et al.|(2020)
provide a comprehensive survey of model-based RL approaches. Our work addresses a related but
distinct problem: predicting whether a world model rollout will transfer successfully to the real
environment, rather than optimizing policies under model uncertainty.

Metamorphic Testing for ML. Metamorphic testing (Tian et al.l [2017) has been applied to val-
idate deep learning systems by checking whether outputs satisfy expected invariants under input
transformations. MDPMorph (Li et al.,[2025a) extends this approach to deep reinforcement learning
agents, defining metamorphic relations over MDP transitions. Our stutter-invariance audit applies
metamorphic testing principles to world model reliability, using domain-specific invariants (state-
preserving commands) to detect unreliable rollouts. Unlike prior work that tests agent policies, we
test the world model’s ability to maintain consistent state representations.

3 METHOD

3.1 PROBLEM FORMULATION

We consider the problem of predicting whether a world-model rollout will successfully trans-
fer to the real environment, which we term World-to-Real (W2R) failure prediction. Given a
world model M and an acting agent 7, the agent interacts with M to produce a rollout 7 =
(so,a1,01,0a2,09,...,ar,0r), where sg is the initial state, a; are actions selected by =, and
o are observations generated by M. W?2R success occurs when replaying the action sequence
(ai,...,ar) in the real environment achieves the same goal as in the world model. Our objective is
to predict W2R failure from rollout properties alone, without requiring real-environment replay.

This formulation addresses a practical need: world-model rollouts are used for planning, verification,
and synthetic data generation, but unreliable rollouts waste compute and can corrupt downstream
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Stutter-Invariance Metamorphic Audit Framework for Evaluating LLM World-Model Rollout Quality
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Figure 1: Stutter-invariance metamorphic audit pipeline. Given a world-model rollout, we insert
state-preserving 1ook commands after each action (Stage 1), re-run the world model to generate
observations for the augmented trace (Stage 2), and compute embedding-based drift scores between
original and post-stutter observations (Stage 3). High drift indicates unreliable rollouts likely to fail
World-to-Real transfer.

training. A pre-screening signal that identifies likely failures enables selective filtering before costly
real-world execution.

3.2 STUTTER-INVARIANCE METAMORPHIC RELATION

We propose a metamorphic audit based on stutter invariance, exploiting domain knowledge about
state-preserving commands. In text-based environments like TextWorld (Coté et al., |2018), certain
commands are read-only queries that do not modify the underlying game state. The 1 ook command,
which returns a description of the current room, is the canonical example: executing 1 ook should
not change the environment state or affect subsequent observations.

This property suggests a metamorphic relation for world models: if a world model maintains a
stable internal representation of environment state, then inserting state-preserving commands into
a rollout should not meaningfully change the model’s subsequent predictions. Formally, let 7 =
(a1,01,...,ar,or) be the original rollout and 7/ = (a1, look”, 0}, as, 1ook¥, 0}, ...) be the
stuttered rollout where k consecutive 1ook commands are inserted after each action. The stutter-
invariance property states that o; & o} for all ¢. Violations of this property indicate that the world
model’s state representation is fragile and sensitive to superficial context changes, which should
correlate with W2R failure.

3.3 AUDIT PIPELINE

Figure[I]illustrates our three-stage audit pipeline.

Stage 1: Stutter Insertion. Given an action trace (ai,...,ar) from a world-model rollout,
we construct a stuttered trace by inserting £ = 3 consecutive 1ook commands after each ac-
tion: (a1, Look, look, look, as, 1ook, Look, Look, .. .). Multiple insertions amplify any state-
tracking instability.

Stage 2: Rollout Generation. We run the world model open-loop on both the original and stut-
tered action traces using deterministic decoding (temperature = 0). This produces two sequences of
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post-action observations: (01, ...,or) from the original trace and (o, ..., 0}.) from the stuttered
trace (ignoring observations after 1 ook commands).

Stage 3: Drift Measurement. We compute the semantic distance between corresponding ob-
servations using BGE-M3 embeddings (Chen et al. 2024). For each timestep ¢, the cross-trace
distance is d; = 1 — cos(E(ot), E(0})), where E(-) denotes the embedding function. The final
stutter-invariance violation score aggregates these distances using an exponentially-weighted sum:

T
Sstuller = Z dt . eXp(t/T)

t=1

This weighting emphasizes later timesteps where drift accumulates, as early observations are less
affected by the inserted commands.

3.4 BASELINE METHODS

We compare against four baseline methods for W2R failure prediction:

B1: Rollout Length. Longer rollouts have more opportunities for compounding errors. The score
is simply 7', the number of actions in the rollout.

B2: Token NLL. The mean per-token negative log-likelihood of the world model on its generated
observations, computed via teacher forcing. Higher perplexity may indicate uncertain or out-of-
distribution predictions.

B3: Sampling Consistency. A generic stability baseline that runs the world model twice on the
same action trace with stochastic decoding (temperature = 0.7, top-p = 0.9) using different random
seeds. The score is the mean embedding distance between the two sampled observation sequences.

B4: Action-Conditional NLL. Similar to B2, but restricted to the first 20 tokens of each predicted
observation, focusing on the immediate action-relevant content rather than full observation text.

4 EXPERIMENTS

4.1 EXPERIMENTAL SETUP

We evaluate our stutter-invariance audit on the TextWorld benchmark (Coté et al., 2018) using the
Word2World evaluation framework. Our setup consists of a world model (Qwen2.5-7B (Yang et al.|
2024) fine-tuned on TextWorld), an acting agent (GPT-40-mini (Achiam et al.| 2023)), and 200 test
games per seed. The agent interacts with the world model to generate rollouts, which are then
replayed in the real TextWorld environment to determine W2R success or failure.

We use three random seeds (0, 1, 2) for all experiments and report mean =+ standard deviation across
seeds. Statistical significance is assessed using bootstrap confidence intervals (1000 resamples).
Following our pre-registered success criteria, we consider a method to significantly outperform a
baseline if the mean AUROC improvement exceeds 0.05 and the bootstrap 95% CI excludes zero on
at least one seed. Methods within 0.02 AUROC of each other are considered statistically tied.

4.2 MAIN RESULTS

Table [I] presents the W2R failure prediction performance of all methods. The W2R failure rate
across our experiments is 34.3%, establishing the base rate for the positive class.

Our stutter-invariance method achieves the highest AUROC (0.767) and AUPRC (0.704) among all
methods. The ranking of methods is: Stutter-Invariance > B3 > B1 > B2 > B4 > Chance. Notably,
the simple length baseline (B 1) outperforms both likelihood-based methods (B2 and B4), suggesting
that rollout length is a surprisingly strong predictor of W2R failure.
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Table 1: W2R failure prediction performance across all methods.
underlined. The proposed stutter-invariance method achieves highest AUROC but is statistically
tied with B3 sampling consistency (within 0.02 tie zone).

Best in bold, second-best

Method AUROC AUPRC Notes
Chance 0.500 £ 0.000  0.343 £ 0.000 Floor

B1 Length 0.711 £0.022 0.601 £ 0.051

B2 Token NLL 0.661 £0.013  0.607 £ 0.027

B3 Sampling Consistency ~ 0.757 & 0.019 0.668 + 0.030  Best baseline
B4 Action-Cond NLL 0.582 £0.033  0.530 £ 0.041
Stutter-Invariance (Ours) 0.767 & 0.028 0.704 + 0.063 Proposed

Table 2: Pairwise bootstrap comparison of stutter-invariance vs. each baseline. The proposed
method significantly outperforms B1, B2, and B4, but is statistically tied with B3 (delta within
0.02 tie zone, CI includes O on all seeds).

Comparison Mean A AUROC A > 0.05? CI Excludes 0?
vs. B1 Length +0.056 v v (seed 1)
vs. B2 Token NLL +0.105 v V' (seed 2)
vs. B3 Sampling Consistency +0.010 X X

vs. B4 Action-Cond NLL +0.185 v v (all seeds)

4.3 STATISTICAL ANALYSIS

Table 2] presents pairwise bootstrap comparisons between stutter-invariance and each baseline. The
proposed method significantly outperforms B1, B2, and B4, with mean AUROC improvements
of +0.056, +0.105, and +0.185 respectively, all exceeding the 0.05 threshold with bootstrap Cls
excluding zero on at least one seed.

The critical finding is the comparison with B3 sampling consistency. The mean AUROC improve-
ment is only +0.010, well within our pre-registered 0.02 tie zone. Furthermore, the bootstrap 95% CI
includes zero on all three seeds, indicating no statistically significant difference. Table [3|shows that
the direction of difference is inconsistent across seeds: B3 actually outperforms stutter-invariance
on seed 0.

4.4 SUMMARY

The key finding is that stutter-invariance and sampling consistency achieve statistically equivalent
performance despite fundamentally different perturbation mechanisms: the former inserts semanti-
cally meaningful state-preserving commands while the latter uses stochastic decoding with differ-
ent random seeds. Notably, our stutter-invariance method underwent post-hoc optimization (multi-
stutter insertion with k = 3, exponentially-weighted aggregation), improving AUROC from 0.713
to 0.767, yet only achieves parity with the untuned B3 baseline. We discuss the implications of this
equivalence in Section 3}

5 DISCUSSION

Interpretation. The statistical equivalence between stutter-invariance and sampling consistency
suggests that world model failures manifest as general output instability under any perturbation,
rather than as violations of specific semantic invariants. Both methods detect the same underlying
signal: world models prone to W2R failure produce inconsistent outputs whether perturbed by se-
mantically meaningful state-preserving commands or by stochastic sampling noise. This finding
implies that the discriminative power of our metamorphic audit does not derive from the domain-
specific structure of the 1ook command, but rather from its role as a generic perturbation that
exposes model fragility.
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Table 3: Per-seed breakdown of stutter-invariance vs. B3 sampling consistency. Bootstrap 95% Cls
include zero on all seeds, and the direction of difference is inconsistent (B3 wins on seed 0).

Seed AUROC (Stutter) AUROC (B3) Delta  Bootstrap 95% CI

0 0.732 0.748 —0.015 [-0.081, 0.052]
1 0.767 0.740 +0.027 [—0.031, 0.092]
2 0.801 0.784 +0.017 [—0.043, 0.075]

Practical Implications. For practitioners deploying LLM-based world models, our results suggest
that the cheapest stability check—simply re-running generation with different random seeds—is
sufficient for W2R failure prediction. Domain-specific metamorphic probes add computational cost
(3 x context length for stutter insertion, embedding model inference for distance computation) with-
out measurable benefit. When computational resources are limited, sampling consistency provides
equivalent predictive power at lower cost.

Limitations. Our evaluation is limited to a single domain (TextWorld), a single world model ar-
chitecture (Qwen2.5-7B), and a single acting agent (GPT-40-mini). The equivalence between struc-
tured and generic stability testing may not hold in other settings where failure modes are more
specific to particular state transitions. Additionally, our stutter-invariance method underwent post-
hoc optimization while B3 did not, potentially biasing the comparison in favor of our approach. See
Appendix [A]for implementation details.

Future Work. Several directions merit investigation: (1) other metamorphic relations such as ac-
tion reordering or synonym substitution that may capture different failure modes; (2) evaluation on
other text environments (ALFWorld, WebShop, ScienceWorld) where state-preserving commands
have different semantics; (3) identifying conditions under which structured probes do provide ad-
vantage over generic stability testing.

6 CONCLUSION

We proposed a stutter-invariance metamorphic audit for predicting World-to-Real transfer failure in
text world-model rollouts. By inserting state-preserving Look commands and measuring observa-
tion drift, our method achieves AUROC 0.767 for W2R failure prediction. However, this perfor-
mance is statistically tied with a simpler sampling consistency baseline (AUROC 0.757), indicating
that domain-specific metamorphic probes do not provide measurable advantage over generic stabil-
ity testing for this task. This informative negative result suggests that world model failures manifest
as general output instability detectable by the cheapest form of perturbation—re-sampling with dif-
ferent random seeds.
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A IMPLEMENTATION DETAILS

Our implementation uses the Word2World evaluation framework with the following configuration.
The world model (Qwen2.5-7B fine-tuned on TextWorld) is served via vLLM with a maximum
context length of 65,536 tokens. For the stutter-invariance audit, we use deterministic decoding
(temperature = 0, top-p = 1.0) to ensure reproducibility. The embedding model for drift measure-
ment is BGE-M3, which produces 1024-dimensional embeddings. For the sampling consistency
baseline (B3), we use stochastic decoding with temperature = 0.7 and top-p = 0.9.

The aggregation strategy for the stutter-invariance score was selected through a systematic search
over 15 candidates, including mean, max, sum, and various weighted combinations. The
exponentially-weighted sum (>, d; - exp(t/T")) achieved the best performance, improving AUROC
from 0.713 (with simple mean aggregation) to 0.767. We note that this post-hoc optimization was
not applied to the baselines, which may bias the comparison in favor of our method.


https://arxiv.org/abs/2512.18832
https://arxiv.org/abs/2512.18832

	Introduction
	Related Work
	Method
	Problem Formulation
	Stutter-Invariance Metamorphic Relation
	Audit Pipeline
	Baseline Methods

	Experiments
	Experimental Setup
	Main Results
	Statistical Analysis
	Summary

	Discussion
	Conclusion
	Implementation Details

