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Abstract

Agents built on vision-language models in-
creasingly face tasks that demand anticipat-
ing future states rather than relying on short-
horizon reasoning. Generative world models
offer a promising remedy: agents could use
them as external simulators to foresee outcomes
before acting. This paper empirically exam-
ines whether current agents can leverage such
world models as tools to enhance their cogni-
tion. Across diverse agentic and visual ques-
tion answering tasks, we observe that some
agents rarely invoke simulation (fewer than
1%), frequently misuse predicted rollouts (ap-
proximately 15%), and often exhibit inconsis-
tent or even degraded performance (up to 5%)
when simulation is available or enforced. At-
tribution analysis further indicates that the pri-
mary bottleneck lies in the agents’ capacity to
decide when to simulate, how to interpret pre-
dicted outcomes, and how to integrate foresight
into downstream reasoning. These findings un-
derscore the need for mechanisms that foster
calibrated, strategic interaction with world mod-
els, paving the way toward more reliable antici-
patory cognition in future agent systems.

1 Introduction

Modern Al agents are increasingly expected to
operate in settings where tasks unfold over long
horizons, involve intricate chains of interdepen-
dent decisions, and may yield irreversible conse-
quences. Such scenarios, ranging from multi-stage
robotics manipulation (Huang et al., 2023, 2024;
Feng et al., 2025; Fan et al., 2025) to complex
software automation (Deng et al., 2025b; Wang
et al., 2025a; Agashe et al., 2025) and real-world
planning (Garg et al., 2025; Erdogan et al., 2025;
Geng and Chang, 2025), demand that agents not
only reason locally but also anticipate how the en-
vironment might evolve. Human decision-making
in similar contexts is often anchored in our abil-
ity to project possible future states, assess risks,

and adjust actions accordingly (Gilbert and Wil-
son, 2007). Classical theories of cognition, such
as mental simulation and prospective reasoning in
psychology and cognitive science, emphasize that
people routinely rely on internal models of how
the world behaves to forecast outcomes before act-
ing (Premack and Woodruff, 1978; Johnson-Laird,
1983; Schacter et al., 2007). These enable us to
navigate uncertainty, manage delayed rewards, and
avoid catastrophic errors.

Large language model (LLM) agents, despite
impressive proficiency in planning, decomposition,
and interacting with diverse tools or environments,
still exhibit a major limitation: they often lack a
robust mechanism for foresight (Chae et al., 2024;
Jin et al., 2024). Even when an LLM can articulate
a goal-achieving plan, this does not necessarily
imply that it can anticipate how future states of
the environment might unfold.! For instance, a
household robot may plan to open a window to
vent smoke, but fail to anticipate that incoming
wind will blow loose papers into a spill, spreading
contamination and creating new hazards. Such an
error illustrates that effective action depends not
only on a plausible plan, but on foresight about how
the environment will evolve under interventions,
especially when those dynamics introduce delayed,
non-local constraints.

Recent research has begun to explore whether
foresight can be explicitly supported by equipping
agents with mechanisms for simulating the future.
One line of work takes a training-free approach,
augmenting agents with dedicated foresight mod-
ules through prompts (Qian et al., 2024) or encour-
aging deliberate world-modeling via structured in-
structions (Wang et al., 2025b). Another line of
research focuses on intrinsic solutions, training or
embedding learned world models directly into the

!Foresight in our scope refers to an agent’s ability to antic-
ipate how the environment will evolve, rather than to generate
plans to achieve goals from its own perspective.
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Figure 1: A world model as tool framework illustrated
through a high-stakes escape decision. The agent evalu-
ates a reinforced door break versus a ventilation-shaft
crawl in simulation before committing to the feasible
real world action.

agent itself, as seen in efforts such as code world
model or multimodal generative simulators (Car-
bonneaux et al., 2025). However, simple prompting
approaches often behave rigidly, failing to capture
the visually diverse world states, while intrinsic
methods typically require extensive retraining, sub-
stantial computational resources, and are difficult
to integrate reliably across model families.

At the same time, world models—especially
large-scale video and environment simulators” such
as Sora, WAN, and other generative dynamics mod-
els (Brooks et al., 2024a; Wan et al., 2025)—have
advanced to produce reasonably coherent and tem-
porally consistent predictions in open-ended set-
tings. This raises a natural question: instead of
building foresight inside the agent or enforcing
highly structured prompting, can we treat world
models as off-the-shelf tools that an agent may
optionally call upon when needed? Doing so re-
frames foresight not as a fixed architectural compo-
nent but as a resource that an agent might strategi-
cally leverage. This perspective opens an important
direction: To what extent can current LLM agents
decide when to use world models for environmen-
tal foresight, and does this foresight substantially
improve their cognition?

Our preliminary investigation reveals two con-
crete limitations. First, many LLM agents are re-
luctant to invoke world-model tools even when it
improves environmental foresight, and this reluc-
tance increases with model scale or capability. The
behavior is also family-consistent: LLaMA vari-
ants show comparatively higher willingness, while
GPT and Qwen variants frequently decline tool use

*The terms simulator and world model are used inter-
changeably in this paper. They both refer to the prediction
about future environment state given an agent action.

across sizes. Second, even when world models are
invoked, cognitive benefits are inconsistent because
agents often misuse the tool, for example by pro-
ducing only one deterministic future, overriding
simulations with over-confident internal reasoning,
or failing to evaluate counterfactual branches.

Taken together, these findings underscore that
progress in foresight-augmented agents is more
about calibrating its behavior: models should more
strategically consult external simulations when ben-
efits are clear, less prone to over-trust inaccurate
internal reasoning, and better able to incorporate
simulated evidence without either dismissing it
or rigidly overfitting to it. Our analysis also re-
veals that these calibration issues follow system-
atic patterns. We identify three recurrent gover-
nance breakdowns, including misguided input for-
mulation, ambiguous interpretation of simulated
outcomes, and unstable action integration, which
collectively explain the majority of observed re-
gressions. To summarize:

* We introduce the conceptual framing of world
models as tools, offering an analysis-focused per-
spective that examines how existing LLM agents
interact with external simulators.

* We propose an evaluation framework that enables
systematic study of agents’ willingness, correct-
ness, and consistency when employing world
models, providing a basis for future training.

* Through extensive analysis, we uncover behav-
ioral patterns, family-specific tendencies, error
taxonomy, and structural weaknesses that inform
future research on agentic foresight.

2 Related Work

Cognitive science argues that humans plan by men-
tally simulating actions and outcomes using in-
ternal world models, like theory of mind (antici-
pating others’ reactions by simulating their inner
states), and more generally, predicting how an en-
vironment will evolve. Analogously, recent work
equips LLM agents with world-modeling machin-
ery for foresight, either by treating an LLM as a
dynamics model and searching over imagined tra-
jectories, or by embedding a learned simulator in
the decision loop to mitigate short-sighted action
selection (Deng et al., 2025a; Hao et al., 2023).
This idea extends beyond text: in code, agents
can anticipate program outcomes internally be-
fore committing to an answer (Carbonneaux et al.,
2025); in vision, agents benefit from explicitly sep-
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arating state estimation from action-conditioned
transition prediction, often by importing dynam-
ics priors from video world models (Wang et al.,
2025b; Zhang et al., 2025b) or future frame predic-
tion (Gladstone et al., 2025). In parallel, scaling
generative video models yields increasingly realis-
tic long-horizon simulators (Brooks et al., 2024b),
and lightweight action conditioning turns them into
controllable rollouts for planning and reinforce-
ment learning (He et al., 2025); recent work also
studies how to evaluate and deploy such world mod-
els in closed-loop decision-making settings (Zhang
et al., 2025a). Complementary evidence shows
that language itself can function as a simulator
when agents are prompted to hypothesize and re-
flect (Qian et al., 2024; Wang et al., 2025c¢), and
that closing the loop with external physics engines
can enforce feasibility constraints in embodied set-
tings (Meng et al., 2025). In contrast to work that
primarily proposes new simulators or integration
architectures, our work focuses on the agent-side
question of when to invoke world models and how
simulated futures are interpreted and used during
downstream reasoning.

3 Preliminaries

In this section, we introduce the evaluation frame-
work used to study how an agent leverages a world
model as a decision-making tool. Let A denote
the tested agent, F the real environment in which
it operates, and W a world model that simulates
the environment dynamics. The agent’s objective
is to reach a task-specific goal state G in E. The
concrete form of GG depends on the task family
(for example, reaching a target location, solving a
puzzle, or maximizing accumulated reward). At
any time, the real environment is in state .S, and
the agent maintains a trajectory (or context) 7' that
collects its past actions and observations.

3.1 Interaction Process

The overall interaction procedure is summarized
in Algorithm 1. At each decision step, the agent
maps its current trajectory 7" to a pair (¢, a), where
c specifies where the action is to be executed and a
is the action itself:

(c,a) = A(T). (1)

The choice variable c can direct the agent either to

the real environment E or to the world model W,
and this decision is part of the agent’s policy and
reasoning process.

Algorithm 1 Agent Interaction Process

Require: Agent A, Environment £, World Model W, Initial
State S, Maximum Steps L, Goal Condition G

I: T+ 0 > Initialize trajectory
2: fort=1,2,...,Ldo

3: (c,a) «+ A(T) > Agent chooses target
4: if ¢ is World Model then

5: Spred — W (S, a) > Simulation
6: T < T U{(a, Spreda)}

7: else if c is Environment then

3: S+ E(S,a) > Execution
9: T+ TU{(a,S)}
10: end if
11: if S satisfies goal condition G then
12: break
13: end if
14: end for
15: return T’

When c selects the world model, the agent uses
W as a simulator. The action a is applied to the
current environment state S inside the world model,
which produces a predicted next state

Spred = W(S7 (1). (2)

The agent does not alter the real environment in
this branch. Instead, it treats Spreq as an informative
but hypothetical observation, and the pair (a, Spred)
is appended to the trajectory 71'. In this way, the
agent can explore possible futures, anticipate con-
sequences, and refine its plan without incurring
real-world cost or risk.

When c selects the real environment, the agent
commits to executing the action a in E. The true
environment state is updated according to the tran-
sition dynamics,

S+ E(S,a), (3)

and the resulting state S is returned as an observa-
tion to the agent. The pair (a,.S) is then appended
to the trajectory 7. In this branch, the agent makes
irreversible progress in the real task and potentially
moves closer to, or further away from, the goal G.
The rollout continues by repeatedly querying
the agent with the updated trajectory 7" and state
S. The process terminates when the environment
reaches a goal state G or when a predefined maxi-
mum number of decision steps L is exceeded. In
this way, the same protocol can accommodate di-
verse tasks while keeping the role of the world
model explicit and comparable across settings.

3.2 Interaction Modes

A key aspect of the framework is how the agent
is informed about the world model and allowed to
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interact with it. We control this through the system
prompt, which leads to three distinct modes:

* Normal Mode. The agent is informed that a
world model W exists and may choose to query
it or directly act in E. This mode captures real-
istic decision-making in which simulation is an
optional tool whose value must be inferred and
used appropriately.

* WM Invisible Mode. The agent is agnostic of
W, and therefore never queries it. All actions are
executed directly in F, serving as the standard
baseline consistent with prior evaluations.

* WM Force Mode. The agent is instructed to
simulate actions in W before executing them in
FE, making world model use mandatory. This
mode reveals whether compulsory planning helps
or hinders performance when simulation is no
longer a strategic choice.

In our experiments, we examine all three, with
particular focus on comparing the first two modes,
which isolates the effect of optional access to a
world model while keeping all other factors fixed.

4 Experiments

4.1 Task Choices

To understand when and how world models bene-
fit VLM agents, we evaluate two complementary
types of tasks that require VLM-based reasoning.

The first type is agentic decision-making tasks,
which require visual grounding, perception-to-
action mapping, and multi-step reasoning in in-
teractive environments. Following VAGEN (Wang
et al., 2025b), we select four diverse tasks: Frozen-
Lake, Navigation, PrimitiveSkill, and Sokoban.
These tasks jointly cover: (i) long-horizon inter-
action, (ii) reasoning in both 2D symbolic lay-
outs and photorealistic 3D scenes, and (iii) action
planning across different embodiments, including
household agents, robot manipulation, and game
environments. These properties make them ideal
for assessing whether simulated rollouts can mean-
ingfully support the agent’s cognition.

Although FrozenLake and Sokoban are visually
simpler than photorealistic environments, they re-
main meaningful foresight benchmarks because
both contain irreversible failure modes. In Frozen-
Lake, a single mistaken move can end the episode
by dropping the agent into a hole; in Sokoban,
pushing a box into a wall-adjacent dead-end can
make the puzzle unrecoverable. Since one cen-

tral value of simulation is to anticipate such costly
irreversible outcomes before execution, these con-
trolled environments let us isolate when foresight
is genuinely helpful and when it is misused.

The second type is pure VLM reasoning tasks,
where no embodied control is required. Our aim is
to test the simulation paradigm’s impact when the
agent interacts only through perceptual or spatial
reasoning without action execution. We include
four representative datasets: 3DSRBench (Ma et al.,
2025), MMSI Bench (Yang et al., 2025), SAT (Ray
et al., 2024), and Spatial-MM Object (Shiri et al.,
2024). These benchmarks are chosen because:
(i) they demand rich spatial reasoning and visual
grounding, and (ii) their questions contain latent dy-
namics or hypothetical transformations that can the-
oretically benefit from simulated outcomes. With-
out this property, evaluating world model augmen-
tation would be inherently meaningless, since sim-
ulation would not provide additional utility beyond
static perception.

Together, these two categories allow us to exam-
ine world model usage both in interactive control
and in non-embodied visual reasoning, revealing
whether simulation is effective. Table 1 summa-
rizes the task families and how world model queries
fit into the agent—environment loop.

4.2 Experiment Settings

Test Models. We evaluate nine vision-language
models across both open- and closed-source fam-
ilies, including GPT (OpenAl, 2025), Llama (A,
2025), and Qwen (Bai et al., 2025). For each family,
we select multiple model sizes to investigate how
world model augmentation affects models with dif-
ferent capacities.

World Model. For agentic tasks, the world
model is an oracle simulator implemented by
cloning the current environment state and rolling
out hypothetical actions under the exact same dy-
namics as the real environment. This design iso-
lates agent-side use of foresight from simulator-
quality confounds. For VQA reasoning tasks, no
analogous oracle rollout exists because the input
is a static image rather than an executable environ-
ment state. We therefore use Wan2.1 (Wan et al.,
2025) to generate predicted visual outcomes from
the agent’s textual simulation instructions, and later
test a stronger Wan2.2 simulator as a robustness
check. Full configurations are provided in Sec-
tion A and Section E.
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Tasks Goal Condition G

Environment State S

Action ¢ in Environment Action a in World Model

FrozenLake Reach the target grid without falling 2D grid observation of agent position Discrete movement (up, down, left, right)

Navigation Arrive at a target location First-person RGB scene Embodied moves (forward, rotate, look, etc.)
PrimitiveSkill ~ Manipulate objects to a target pose Arm pose + object pose Manipulation command (pick, place, move with coordinates)
Sokoban Push boxes to goal cells 2D game state with box locations Discrete movement (up, down, left, right)

All VQA Tasks Output the correct answer Provided problem images Direct textual answer Simulation-oriented query on an image

Table 1: Task families and how world model queries integrate with the agent—environment loop.

Frozen . Primitive
Model Lake Navigate Skill Sokoban Avg.
Without World Model Access
GPT-40-mini 0.36 0.26 0.32 0.00 0.27
GPT-40 0.58 0.35 0.51 0.02 0.40
GPT-5-mini 0.86 0.66 0.11 0.03 0.41
GPT-5 0.77 0.74 0.19 0.06 0.47
Llama-4-Maverick  0.70 0.31 0.40 0.00 0.35
Llama-4-Scout 0.59 0.55 0.32 0.02 0.42

Qwen2.5-VL-7B 0.36 0.26 0.13 0.02 0.20
Qwen2.5-VL-32B  0.59 0.36 0.49 0.00 0.40
Qwen2.5-VL-72B  0.61 0.38 0.41 0.00 0.37

With World Model Access

GPT-40-mini 0.3910.03 0.24,0.02 0.22)0.10 0.00 022005
GPT-40 0.58 031,004 046,005 0.02  0.360.04
GPT-5-mini 0.8910.03 0.6310.03 0.1940.08 0.00,0.03 0.4310.02
GPT-5 0.8910.12 0.71,0.03 0.2010.01 0.1440.08 0.4810.01

Llama-4-Maverick 0.66“)‘()1 0-20,(),11 0.32\’(]'(]5 0.O3A()v();; 0.27‘“)‘[)5

Llama-4-Scout  0.55)9.01 0.540.01 0.24,0.0s 0.03+0.01 0.380.04

QWCHZ.S»VL—7B 0.45“; 09 0.26 0.12v1)_|)1 0.00J)_UQ 0.20
Qwen2.5-VL-32B 0.58)0.01 0.32)0.04 0.3910.10 0.0240.02 0.340.06
QW6n2.5-VL-72B 0‘45U’~|(5 0'37v(’»(“ 0.32v“'()(| 0.00 0‘33U’~U4

Table 2: Agent Task Success Rate: Comparison between
w/wo WM access. Almost all the models in all the agent
tasks fail to reach higher performance with WM access.

Modes and Metrics. Our main evaluations com-
pare Normal Mode (world model optional) with
World Model Invisible Mode (world model unavail-
able), providing a clean measure of the value of
optional simulation. World Model Force Mode
is additionally applied to agentic tasks to explore
whether mandatory simulation helps or harms plan-
ning. Across all agentic tasks, the performance is
measured by the final task’s success rate, consistent
with prior work. In VQA tasks, we evaluate answer
correctness on multiple-choice questions, as simu-
lation here theoretically aids perceptual reasoning
rather than sequential control.

4.3 Experiment Results

Finding 1: World Models Do Not Reli-
ably Improve Performance.. Table 2 and Ta-
ble 3 compare base models with their world
model-augmented variants. Across both agent and
VQA settings, the anticipated advantages of ex-
plicit foresight fail to materialize. In agent tasks,
additional world model signals often introduce

Model 3DSRBench MMSI SAT Spatial Avg.
Without World Model Access
GPT-40-mini 0.58 0.28 0.52 0.65 0.56
GPT-40 0.66 0.31 0.71 0.72 0.63
GPT-5-mini 0.67 0.35 0.85 0.78 0.66
GPT-5 0.69 0.38 0.86 0.80 0.68
Llama-4-Maverick 0.61 0.27 0.52 0.74 0.60
Llama-4-Scout 0.59 0.27 0.41 0.74 0.58
Qwen2.5-VL-7B 0.53 0.24 0.59 0.62 0.52
Qwen2.5-VL-32B 0.59 0.30 0.47 0.67 0.57
Qwen2.5-VL-72B 0.61 0.29 0.47 0.71 0.59
With World Model Access
GPT-40-mini 0.5910.01 027,001 0.5710.05 0.6610.01 0.56
GPT-40 0.66 0.3010.01 0.734002  0.72 0.63
GPT-5-mini 0-6810.“1 0-36m.111 0-83&02 0-7910.111 0-67ru.m
GPT-5 0.7010.01  0.37;0.01 0.85,0.01 0.79)0.01 0.68
Llama-4-Maverick ~ 0.6210.01  0.284001 047,005 0.7510.01 0.60
Llama-4-Scout 0.59 0.2840.01 0.36,0.05 0.73)0.01 0.58
Qwen2.5-VL-7B 0.5410.01 024 0.6610.07 0.6310.01 0.52
Qwen2.5-VL-32B 0.58 001 028002 0.47 0.67  0.56,0.01
Qwen2.5-VL-72B 0.61 029 0481001 0.7310.02  0.59

Table 3: VQA Task Accuracy: Comparison between
w/wo WM access across VQA benchmarks. All model
performances are nearly the same for benchmarks.

noise rather than guidance, leading most models
(except the GPT-5 family) to perform worse on
average. In VQA, the effect is milder but still un-
derwhelming: gains are marginal, and performance
with or without world model access is nearly indis-
tinguishable. These findings challenge the assump-
tion that off-policy world model rollouts inherently
strengthen downstream reasoning and instead sug-
gest that current models struggle to leverage such
information in a meaningful or stable way.

Finding 2: Models Rarely Choose to Invoke
the World Model. Table 4 reports each model’s
world model usage rate, defined as the fraction of
cases in which at least one world model tool invo-
cation is made. Usage is consistently low, partic-
ularly for VQA, where rates remain below 0.1 for
all but the Llama family. This reluctance indicates
that models generally do not recognize the world
model as a valuable computational tool, even when
demonstrations are provided. The hesitation also
reflects a deeper issue: models lack a clear internal
strategy for when and why world-model rollouts
could meaningfully improve their predictions.
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Model F{zf:;n Navigate PHSIE::; Y€ Sokoban Avg.
Agent Task World Model Usage Rate
GPT-40-mini 0.3438 0.1367  0.3906  0.3906 0.2749
GPT-40 0.4531 0.1967 0.1289  0.0469 0.1813
GPT-5-mini 0.7188 0.6100 0.5195 0.8750 0.6111
GPT-5 0.2031 0.3367 0.0742  0.1406 0.2076
Llama-4-Maverick ~ 0.9844 0.9933  1.0000  1.0000 0.9956
Llama-4-Scout 0.8125 0.3300 0.9414  0.9375 0.6608
Qwen2.5-VL-7B 0.1406 0.0167  0.1211  0.0000 0.0658
Qwen2.5-VL-32B 0.6875 0.5433  0.5781  0.1406 0.5322
Qwen2.5-VL-72B 0.6562 0.0033  0.4180 0.0156 0.2208

Model 3DSRBench MMSI SAT Spatial  Avg.
VQA Task World Model Usage Rate

GPT-40-mini 0.0818 03012 0.2533  0.0122 0.0972
GPT-40 0.0014 0.0087  0.0133  0.0000 0.0022
GPT-5-mini 0.0103 0.0087  0.0133  0.0032 0.0087
GPT-5 0.0000 0.0000  0.0000  0.0000 0.0000
Llama-4-Maverick ~ 0.3863 0.7465  0.4533  0.0733 0.3678
Llama-4-Scout 0.3923 0.5320 03733 0.1690 0.3639
Qwen2.5-VL-7B 0.0047 0.0054  0.0467  0.0039 0.0054
Qwen2.5-VL-32B  0.0080 0.0033  0.0067 0.0013 0.0060
Qwen2.5-VL-72B  0.0105 0.0358  0.0467  0.0000 0.0121

Table 4: World Model Usage Rate Statistics: Generally
models are not that willing to use the world model as
tool, especially for VQA tasks.

Finding 3: Different Model Families Exhibit
Distinct Calling Behaviors. Despite the over-
all low usage rates, the patterns vary substantially
across families. Llama models are the most proac-
tive in querying the world model, but they show
little measurable benefit. Within the GPT series,
smaller models query more frequently, seemingly
compensating for weaker internal reasoning, while
larger models display high self-confidence and thus
bypass external help. Qwen models follow a simi-
lar trend for agent tasks, except for Qwen2.5-VL-
7B, which is unusually unwilling to call the world
model despite being the smallest and least capable
model among all that are tested. This suggests a
form of potential misplaced confidence. Collec-
tively, these patterns reveal that invocation habits
are shaped more by a model’s perception than by
the actual utility of the world model.

Finding 4: Fine-Grained Analysis Shows a Net
Neutral Impact. To understand not just whether
world models are invoked but whether they help,
we analyze case-level differences in Figure 2. The
distribution reveals that: for VQA tasks, “WM
Helps” and “WM Hurts” occur at nearly equal rates,
indicating that models cannot robustly leverage
the foresight provided, and such guidance might
be treated as noise. For agent tasks, harmful roll-
outs occur even more frequently than helpful ones.

Agent Tasks: WM Impact Distribution VQA Tasks: WM Impact Distribution
100 100
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Figure 2: Percentage breakdown of the world model’s
impact. “WM Helps” is generally less frequent than
“WM Hurts” for agent tasks, while VQA shows a more
balanced distribution.

WM Helps: 699 | WM Hurts: 886

Net Impact: -187 | Success Rate: 44.1%]

Why World Model Helps? Why World Model Hurts?
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pcco®
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[wm Helps: 6399 | WM Hurts: 6240 | NetImpact: +159 | Success Rate: 50.6%]

Why World Model Helps?

Why World Model Hurts?

367 6398

e
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Figure 3: Attributions for when world model use helps
or hurts across Agent (top) and VQA (bottom) tasks.

Overall, the detailed statistics reinforce a consis-
tent conclusion: under current interfaces and model
behaviors, world-model access offers limited prac-
tical advantage and can even be counterproductive.
Understanding why this happens requires a deeper
examination of success and failure modes, which
we analyze in the next section.

S Analysis

5.1 Attribution Analysis

We categorize eight major ways in which world-
model simulations influence outcomes and annotate
both primary and contributing reasons for each case
with the help of GPT-40. The aggregated statistics
in Figure 3 uncover a consistent pattern: models
can extract value from foresight, but their use of it
is poorly calibrated, leading to fragile gains and fre-
quent regressions. These patterns motivate a struc-
tured taxonomy of world model governance suc-
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Figure 4: Comparison of Agent vs. VQA tasks. Former
shows higher world model usage and higher help rate.

cesses (Figure 12) and failures (Figure 13) across
the cognitive pipeline.

Finding 5: Agent Tasks Provide Useful Plan-
ning Signals, but Instability in Execution. In
agent tasks, rollouts help mainly by improving plan-
ning and state understanding, confirming that simu-
lated futures can guide multi-step decisions. How-
ever, failures are more frequent and more varied.
The prevalence of action loops and over-planning
shows that models tend to overreact to simulated
information, repeatedly re-planning without mak-
ing meaningful progress. Additional failure modes,
including inefficient tool use, misinterpreting sim-
ulations, and loss of focus, all point to a deeper
issue: models lack a stable policy for ow to inte-
grate world-model feedback. Instead of grounding
simulations in a coherent trajectory, they oscillate
between cautious over-analysis and unfocused rep-
etition. This makes foresight beneficial in isolated
cases but detrimental over long horizons.

Finding 6: VQA Tasks Can Provide Targeted
Benefits but Amplified Ambiguity. For VQA,
the influence of world models is more concentrated.
Rollouts help primarily through improved state un-
derstanding and visual confirmation, which acts
as a safeguard against committing an incorrect an-
swer. Yet the dominant failure modes, confusion
and misinterpretation, stem from a feedback loop:
the model formulates unclear simulation requests,
the world model returns ambiguous scenarios, and
these further mislead the VLM. Thus, instead of
correcting uncertainty, simulations often magnify
it when the initial instruction is under-specified.

Implications: The Core Bottleneck Is Foresight
Governance. Instead of struggling with future
simulation, current agents often fail to govern
foresight—deciding what to simulate (input gover-
nance), how to interpret it (meaning governance),
and when to act upon it (action governance). In

Agent: Success Rate (%) by Model and WM Usage VQA: Success Rate (%) by Model and WM Usage
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Figure 5: Success rate as a function of world model call
count. More calls often correlate with worse outcomes.

agent tasks this leads to unstable execution, while
in VQA it amplifies ambiguity. Thus, improving
the world model alone is insufficient: what is miss-
ing is an internal mechanism for principled, cal-
ibrated use of foresight. Designing such mecha-
nisms is crucial for realizing the potential of world
model-augmented systems. Figure 12 and Fig-
ure 13 further summarize these patterns as comple-
mentary taxonomies of world model governance
failures and successes, revealing that stable fore-
sight hinges on governance rather than simulation.

5.2 Further Studies

Beyond attribution-level patterns, we further ana-
lyze how world model usage behaves across tasks,
call frequencies, and beyond.

Task Perspective: Agent Tasks Leverage Fore-
sight More Effectively. As shown in Figure 4,
agent tasks consistently exhibit higher world-model
usage and a higher probability that rollouts provide
actual benefit. This aligns with the structure of
agentic problems, where state transitions and se-
quential decisions naturally create opportunities
for foresight to guide behavior. In contrast, VQA
demands highly targeted disambiguation; without
precise simulation requests, world model informa-
tion is more likely to distract than assist. The gap
between the two tasks suggests that current invo-
cation patterns are better suited for dynamic, state-
ful environments than for static perception queries,
though the latter can also benefit from the world
model as tool paradigm.

Call Perspective: More Calls Reflect Uncer-
tainty, Not Better Reasoning. Figure 5 shows a
clear negative correlation between the number of
world model calls and task success. Rather than
accumulating useful evidence, repeated calls often
signal unresolved confusion instead of scaling ef-
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Figure 6: Comparison of agent task performance be-
tween world model invisible and forced world model
use conditions.

fect: models re-query instead of integrating prior
rollouts into a stable plan. This is especially visi-
ble in agent tasks, where excessive calls frequently
coincide with action loops and degraded execution.
The pattern reinforces a central conclusion of our
empirical evidence: the challenge is not generat-
ing simulations, but knowing when to stop, how to
interpret them, and how to integrate them.

Usage Perspective: Forcing World Model Invo-
cation Degrades Performance. Across all agent
tasks, we also evaluate a setting where the model is
forced to consult its world model before producing
an action. As shown in Figure 6, this intervention
leads to an even steeper drop in performance than
the normal mode with world model access. This
outcome aligns with earlier findings: when optional
world model access already introduces systematic
failure modes, mandating its use amplifies those
weaknesses. Both the frequency and severity of
cases in which the world model hurts increase, and
average performance across models declines for
every task. Taken together, these results indicate
that, under current designs, forcing world model
usage is not effective.

5.3 Results Robustness

To test whether our conclusions are driven by sim-
ulator quality, prompt wording, or multimodal
context load, we run several additional studies.
Simulator-fidelity confounds mainly affect VQA,
since agentic tasks already use an oracle simula-
tor. We therefore compare the Wan2.1 against
the stronger Wan2.2 on VQA, and also test: (i)
a prompt variant biased toward world-model use,
(ii) text-only simulator feedback, (iii) text foresight
without external simulator, and (iv) a small SFT
study on world-model interaction.

The stronger-simulator and prompt-variation re-
sults rule out two common alternatives. Improving
the VQA simulator does not remove the main fail-

ures, so simulator quality is unlikely to be the main
driver. Likewise, near-zero VQA invocation per-
sists even when the prompt is biased toward tool
use, suggesting that reluctance to simulate is not
primarily a wording artifact. The text-based abla-
tions refine this picture. Converting rollouts to text
slightly helps FrozenLake, indicating that visual
context load matters, but it hurts 3DSRBench, and
text-only foresight still underperforms optional vi-
sual foresight. Together, these results suggest that
the limitation is broader: current agents struggle
to decide when to query, how to query, and how to
update beliefs from simulated evidence.

The SFT result further indicates that this missing
behavior is at least partly learnable. Training on
only 531 correct interaction trajectories increases
world-model usage and gives modest in-domain
gains, but transfer out of domain remains weak.
We therefore view foresight governance mainly as
a training problem rather than a prompt-only prob-
lem: future work should jointly optimize invoca-
tion, interpretation, and rollout integration, rather
than assuming that a stronger simulator alone will
solve the issue.

6 Discussion

World Model for Agent Confirmation. Attribu-
tion analysis suggests world models mostly help
as visual confirmation in VQA: the tested model
forms a hypothesis and asks the world model to
verify it, which can filter out implausible actions.
However, when the initial hypothesis is wrong, a
confirmation-style query can lock in the error by
producing a plausible simulation aligned with that
wrong belief, empirically matching the cases where
world models hurt. This reflects a broader limita-
tion: current agents treat the world model as a veri-
fier of a single guess rather than a tool to surface
alternatives the agent has not yet considered. A
more corrective protocol is to promote discrimina-
tion rather than affirmation. Specifically, the agent
may propose several plausible hypotheses, simulate
each with the world model, and pick the one whose
predicted cues best match the observation. This
turns simulation into structured hypothesis testing,
thus increasing the chance of correcting an initial
error rather than reinforcing it.

Dedicated Modules for Integration of Foresight.
Foresight is currently integrated by simply expand-
ing the context over multiple rounds, with demon-
strations in the system prompt. However in prac-
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Ablation Setup Key observation
Employ a stronger VQA  Replace Wan2.1 with Wan2.2 for GPT-5 and GPT- Accuracy changes are negligible (< 0.01 in all four comparisons), and the
simulator 5-mini on 3DSRBench and SAT. overlap of correctly solved examples is above 95%.

Prompt variation

Use a simpler prompt that favors world-model use
and retains only WM-using demonstrations; eval-
uate GPT-40 and GPT-5 on the PrimitiveSkill and
3DSRBench tasks.

Usage changes only slightly (PrimitiveSkill: GPT-40 0.1289 — 0.1372,
GPT-5 0.0742 — 0.0719; 3DSRBench: 0.0014 — 0.0023 and
0.0000 — 0.0000).

Apply text-only simula-
tor feedback

Replace returned frames with textual descrip-
tions from Qwen2.5-VL-72B; evaluate GPT-5 and
Qwen2.5-VL-7B on FrozenLake and 3DSRBench.

Text feedback slightly helps FrozenLake (0.89 — 0.90, 0.45 — 0.47)
but hurts 3DSRBench (0.70 — 0.62, 0.54 — 0.51).

Use text foresight with-
out external simulator

Remove the simulator and require a textual predic-
tion field before the action or answer.

This improves over WM-Invisible in some cases (e.g., GPT-5 on Frozen-
Lake: 0.77 — 0.82) but still trails optional WM (0.89).

Preliminary interaction
training

SFT Qwen2.5-VL-7B on 531 correct interaction
trajectories from FrozenLake, Navigate, SAT, and
Spatial tasks.

Gains are small in-domain (FrozenLake: 0.45 — 0.48; SAT: 0.65 —
0.69), OOD transfer is weak (3DSRBench: 0.54 — 0.53), and WM
usage increases by about 13%.

Table 5: Robustness and preliminary-solution ablations. Across stronger simulators, prompt variants, text-based
alternatives, and limited interaction training, the main result is unchanged: the key bottleneck is not access to

foresight alone, but the ability to invoke, interpret, and integrate it reliably.

tice, agents often discount simulator observations
and instead become more confident in their ini-
tial (incorrect) beliefs. A more reliable approach
is to introduce dedicated modules that enforce a
structured interaction loop between reasoning and
foresight: (i) Decider: determines whether to in-
voke the world model or execute a real action, and
boldly proposes candidate actions to test; (ii) Re-
flector: evaluates observations from real execution
or simulation, checks whether outcomes match the
expectations, and feeds back what to adjust next;
(iii)) Memory: maintains long and short-term task
objectives by storing observations and selectively
releasing relevant context to the Decider and Re-
flector. Overall, a dedicated mechanism can make
foresight usage explicit and organized, reducing
sprawling, brittle chains of multimodal reasoning
where the agent may get lost in the middle.

Agent Training for Better World Model Inter-
actions. Still, without fine-tuning it is difficult
to reshape an agent’s default behavior: prompt-
ing rarely teaches when to invoke a world model or
how to query it effectively. To intrinsically improve
this paradigm, training is necessary. One practical
route is RL with online, multi-turn rollouts where
the world model is an explicit tool, using rewards
that go beyond final answer correctness to encour-
age: (i) appropriate world model invocation, and
(i) diverse, distinctive queries (e.g., measured se-
mantically). The challenge is credit assignment:
we want to reward useful interaction without induc-
ing indiscriminate calling. In addition to penalties
for excessive or repeated invocations, two comple-
mentary remedies are: (i) constructing high-quality
supervised fine-tuning data to set strong cold start
interaction habits; and (ii) using indirect objectives

such as rewarding information gain (e.g., reduc-
tions in hypothesis entropy). These incentives di-
rectly target the attribution-identified failure modes
and should yield more strategic and exploratory
world model use.

7 Conclusion and Future Work

Our investigation reveals that giving agents access
to a world model reshapes their behavior in unex-
pected ways. Rather than serving as a straightfor-
ward enhancement, simulation introduces new cog-
nitive pressures: agents must manage hypothetical
branches and maintain coherent reasoning across
mixed real and imagined experience. The difficul-
ties we observe, including hesitation, over-analysis,
and misaligned interpretation, suggest that effective
foresight requires more fine-grained governance.
Looking ahead, promising directions include learn-
ing architectures that maintain stable internal state
across simulated and real trajectories, exploration-
driven simulation policies, and interfaces that en-
courage agents to articulate and refine their hy-
potheses before querying a world model. Beyond
performance, studying how agents build and an-
chor beliefs across possible futures may deepen
anticipatory cognition and integrate world model
simulation directly into decision-making.

Limitations

Our study covers a limited set of model families;
we currently exclude Gemini and Claude due to
cost constraints. While this narrows breadth, the
models we evaluate are widely used and suffice
to probe general trends in the willingness to em-
ploy world models and the effectiveness of doing
so. Our evaluation also uses different simulators

13694



across task types: agentic tasks rely on a ground-
truth simulator, whereas VQA uses WAN2.1 as the
simulator. This design choice keeps the focus on
agent-side behavior rather than simulator quality,
but it may introduce mild cross-task incompara-
bility. In practice, we observe occasional quality
artifacts in WAN2.1-generated frames that can con-
fuse agents. Notably, many failure cases trace back
to underspecified or ambiguous agent instructions,
which degrade simulation quality and in turn affect
downstream performance. We view these as ac-
tionable future directions. Future work will expand
coverage to additional model families and employ
stronger, more consistent simulators to better iso-
late agent effectiveness.

Ethical Statement

This paper investigates “world models as tools” for
VLM agents in controlled experiments (simulat-
ing in a cloned environment state or via generative
rollouts) rather than real-world deployment. A key
ethical risk is that simulated futures can be over-
trusted or misread, leading to unsafe decisions if
transferred to high-stakes domains; in fact, our
results show that forcing simulation can degrade
performance and create new failure modes, under-
scoring that naive use is not reliably beneficial. To
reduce potential harm, we recommend treating sim-
ulations as uncertain hypotheses instead of ground
truth, encouraging multi-hypothesis checks rather
than “confirmation” rollouts, and avoiding safety-
critical deployment without robust oversight and
privacy protections.
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Appendix
A Evaluation Settings Details

In this section, we describe the evaluation settings
and hyperparameters used throughout our experi-
ments. Unless otherwise specified, all tested mod-
els are evaluated with an inference temperature of
0.0 and a maximum output length of 2048 tokens
per turn. Each episode is constrained to a maxi-
mum of 15 turns across all tasks.

For agentic tasks, we directly leverage the real
environment simulation as the tested model’s fore-
sight mechanism. Specifically, we use all frames
produced by the environment when executing the
model’s predicted simulation actions, and we cap
the number of incorporated frames to the reasoning
trajectory at three for each step.

For VQA tasks, we adopt WANZ2.1 as the world
model and use Qwen2.5-3B-VL for prompt aug-
mentation, following official recommendations.
The hyperparameters for generating world model
frames are provided in the following:

Hyperparameter Value
Frame Num 21
Steps 15
Shift 16.0
Guide Scale 5.0
Sample Solver unipc
Seed -1
Timeout 1200

Table 6: Hyperparameters used in WAN2.1 as world
model.

In both categories of tasks, we limit the number
of frames incorporated into the model’s reasoning
trajectory to three. To reduce redundancy, we first
filter frames so that the similarity between any two
consecutive frames remains below 0.95. From the
filtered set, we then uniformly interpolate the se-
quence to obtain three representative frames. The
final frame generated by the world model is always
included in the returned set.

For each data point, we perform a single evalua-
tion. Task accuracy is then computed by averaging
the accuracy across all data points, where accuracy
corresponds to the success rate for agent tasks and
the multiple choice accuracy for VQA tasks.

B Additional Experiment Results

Additional Main Experiment Results. In Ta-
ble 7 and Table 8, we extend our original results

Model Frozen Navigate Primitive

Lake Skill Sokoban Avg.

Without World Model Access

GPT-40-mini 0.36 0.26 0.32 0.00 0.27
GPT-40 0.58 0.35 0.51 0.02 0.40
GPT-5-mini 0.86 0.66 0.11 0.03 041
GPT-5 0.77 0.74 0.19 0.06 0.47
Llama-4-Maverick  0.70 0.31 0.40 0.00 0.35

Llama-4-Scout 0.59 0.55 0.32 0.02 042
Qwen2.5-VL-7B 0.36 0.26 0.13 0.02 0.20
Qwen2.5-VL-32B  0.59 0.36 0.49 0.00 0.40
Qwen2.5-VL-72B  0.61 0.38 0.41 0.00 0.37

With World Model Access

GPT-40-mini 0.39 0.24 0.22 0.00 0.22
GPT-40 0.58 0.31 0.46 0.02 0.36
GPT-5-mini 0.89 0.63 0.19 0.00 043
GPT-5 0.89 0.71 0.20 0.14 048

Llama-4-Maverick 0.66 0.20 0.32 0.03 0.27
Llama-4-Scout 0.55 0.54 0.24 0.03 0.38
Qwen2.5-VL-7B 0.45 0.26 0.12 0.00 0.20
Qwen2.5-VL-32B  0.58 0.32 0.39 0.02 034
Qwen2.5-VL-72B  0.45 0.37 0.32 0.00 0.33

Force WM Use

GPT-40-mini 0.06 0.05 0.03 0.00 0.04
GPT-40 0.58 0.21 0.40 0.00 0.30
GPT-5-mini 0.67 0.21 0.02 0.02 0.16
GPT-5 0.91 0.58 0.09 0.06 0.38

Llama-4-Maverick 0.64 0.12 0.31 0.00 0.23
Llama-4-Scout 0.50 0.36 0.18 0.00 0.27
Qwen2.5-VL-7B  0.25 0.12 0.01 0.00 0.08
Qwen2.5-VL-32B  0.39 0.25 0.24 0.00 0.24
Qwen2.5-VL-72B  0.53 0.27 0.20 0.00 0.24

Table 7: Agent Task Success Rate: Comprehensive
comparison between without WM access, with WM
access, and force WM use.

by reporting success rates and accuracies under the
forced world model usage setting. The results indi-
cate that mandating the use of the world model does
not improve, but often degrades, the effectiveness
of world model utilization by the tested models. In
fact, forcing world model usage generally yields
worse performance than allowing the model to ac-
cess the world model as an optional tool. These
findings provide a more direct comparison and fur-
ther support our main claim that compulsory world
model usage is not a scalable or effective strategy
for current VLM-based agents.

Additional Main Experiment Statistics. In Ta-
ble 9 and Table 10, we report the frequency and rate
of world model usage for each agent task across
all evaluated models, under both the normal set-
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Model 3DSRBench MMSI SAT Spatial Avg.
Without World Model Access
GPT-40-mini 0.58 028 0.52 0.65 0.56
GPT-40 0.66 0.31 071 0.72 0.63
GPT-5-mini 0.67 0.35 085 0.78 0.66
GPT-5 0.69 0.38 0.86 0.80 0.68
Llama-4-Maverick 0.61 027 052 0.74 0.60
Llama-4-Scout 0.59 0.27 041 0.74 0.58
Qwen2.5-VL-7B 0.53 024 059 0.62 0.52
Qwen2.5-VL-32B 0.59 0.30 047 0.67 0.57
Qwen2.5-VL-72B 0.61 029 047 071 0.59
With World Model Access
GPT-40-mini 0.59 027 057 0.66 0.56
GPT-40 0.66 0.30 0.73 0.72 0.63
GPT-5-mini 0.68 036 0.83 0.79 0.67
GPT-5 0.70 0.37 085 0.79 0.68
Llama-4-Maverick 0.62 028 047 075 0.60
Llama-4-Scout 0.59 028 036 0.73 0.58
Qwen2.5-VL-7B 0.54 024 0.66 0.63 0.52
Qwen2.5-VL-32B 0.58 028 047 0.67 0.56
Qwen2.5-VL-72B 0.61 029 048 0.73 0.59
Force WM Use
GPT-40-mini 0.59 028 0.61 0.64 0.56
GPT-40 0.66 029 0.67 072 0.63
GPT-5-mini 0.67 0.34 081 0.80 0.66
GPT-5 0.69 0.33 085 0.79 0.67
Llama-4-Maverick 0.61 0.30 050 0.73 0.59
Llama-4-Scout 0.59 028 041 0.73 0.58
Qwen2.5-VL-7B 0.51 022 037 055 048
Qwen2.5-VL-32B 0.57 027 038 0.66 0.55
Qwen2.5-VL-72B 0.59 028 049 0.71 0.58

Table 8: VQA Task Accuracy: Comprehensive compari-
son between without WM access, with WM access, and
force WM use.

ting and the forced world model usage setting. We
observe that explicitly forcing world model usage
in the system prompt leads to a higher absolute
number of world model invocations per episode.
However, even under this enforced setting, some
models do not consistently comply. Notably, for
GPT-5, the world model usage rate still fails to
reach 1.0, indicating that the model does not use
the world model at least once in every episode,
despite explicit instructions to do so before each
action.

We present analogous statistics for VQA tasks
in Table 13 and Table 14, where we observe similar
overall trends. An exception arises in SAT tasks,
for which models appear particularly reluctant to
use the world model as a tool, even under the forced
usage setting.

Additionally, in Table 11 and Table 12, we

Model FrozenLake Navigation PrimitiveSkill Sokoban Overall
Average WM Calls

GPT-40-mini 1.3281 1.2467 4.1484 3.3906 2.5409
GPT-40 0.6250 0.2100 0.5000 0.1250 0.3494
GPT-5-mini 1.5625 1.2833 0.9375 29375 1.3348
GPT-5 0.2188 0.8067 0.0742 0.1875 0.4196
Llama-4-Maverick ~ 3.0000 5.6533 4.0352 5.6250 4.7968
Llama-4-Scout 4.1719 1.0933 4.5352 77812 3.2953
Qwen2.5-VL-7B 0.1406 0.0900 0.3164 0.0000 0.1711

Qwen2.5-VL-32B 1.0312 1.7167 1.7969 0.4688 1.5658
Qwen2.5-VL-72B 1.6406 0.0267 3.2305 0.0156 1.3757

WM Usage Rate

GPT-40-mini 0.3438 0.1367 0.3906 0.3906 0.2749
GPT-40 0.4531 0.1967 0.1289 0.0469 0.1813
GPT-5-mini 0.7188 0.6100 0.5195 0.8750 0.6111

GPT-5 0.2031 0.3367 0.0742 0.1406  0.2076
Llama-4-Maverick ~ 0.9844 0.9933 1.0000 1.0000 0.9956
Llama-4-Scout 0.8125 0.3300 0.9414 0.9375  0.6608
Qwen2.5-VL-7B 0.1406 0.0167 0.1211 0.0000 0.0658
Qwen2.5-VL-32B  0.6875 0.5433 0.5781 0.1406  0.5322
Qwen2.5-VL-72B  0.6562 0.0033 0.4180 0.0156  0.2208

Table 9: Agent Task WM Statistics (With WM Access):
Upper section shows average WM calls per episode.
Lower section shows WM usage rate (percentage of
episodes that used WM at least once).

report statistics on the average number of steps
per episode and the action validity rate for agent
tasks. Given that the maximum number of steps
per episode is capped at 15, we find that many
models frequently reach this limit across all data
points for certain tasks. This behavior may lead
to repetitive actions, a phenomenon we analyze in
detail in the attribution analysis presented in the
main text. Further, we observe no meaningful dif-
ferences in either step count or action validity rate
across different evaluation modes. This suggests
that these factors are not primary contributors to
the observed performance differences, but instead
serve to further corroborate the conclusions drawn
in our attribution analysis.

Additional Comparative Analysis. In Table 20,
Table 21, Table 22, and Table 23, we present a
detailed breakdown of the percentage of cases in
which the world model either improves or degrades
performance relative to the world model invisible
setting. These comparisons are reported separately
for agentic and VQA tasks, under both the normal
world model access and forced world model usage
configurations.

Across all evaluated tasks and models, we ob-
serve that the proportion of cases in which the
world model improves performance does not con-
sistently exceed the proportion of cases in which it
degrades performance. This indicates that the ef-
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Model FrozenLake Navigation PrimitiveSkill Sokoban Overall Model FrozenLake Navigation PrimitiveSkill Sokoban Overall
Average WM Calls Without WM Access
GPT-40-mini 59062  13.9467 122969  10.5781 122617 GPT-40-mini 7.81 1291 4.12 1500 934
GPT-40 2.5938 7.9900 69102 32656 6.6389 GPT-40 3.75 1127 436 1478 831
GPT-5-mini 59062  12.1667 8.0664  8.7500 9.7266 GPT-5-mini 1.55 7.95 591 1412 717
GPT5 1.6719 6.7300 3.0273 1.8594 4.4152 GPT-5 475 752 6.92 1402 7.65
Llama-4-Maverick ~ 2.6094 9.7300 6.9805 7.7500  7.8494 Llama-4-Maverick 227 12.73 6.52 1500  9.64
Llama-4-Scout 7.7500 9.1033 8.1367  10.6562 8.7602 Llama-4-Scout 3.12 9.86 6.88 1478 858
Qwen2.5-VL-7B 45156 7.1867 6.8164  8.0000 6.8743 Qwen2.5-VL-7B 6.09 12.16 8.12 1480 1033
Qwen2.5-VL-32B 29531 8.6767 6.8594  8.0938 7.4064 Qwen2.5-VL-32B 203 11.48 498 1500 849
Qwen2.5-VL-72B  3.6562 9.1633 8.7891 97188 8.5599 Qwen2.5-VL-72B 244 10.96 4.58 1500 815
WM Usage Rate With WM Access
GPT-40-mini 1.0000 1.0000 1.0000 1.0000  1.0000 GPT-40-mini 7.89 12.94 8.58 1500 1103
GPT-40 1.0000 1.0000 1.0000 1.0000  1.0000 GPT-40 5.08 11.75 543 1478 9.05
GPT-5-mini 1.0000 1.0000 0.9492 1.0000 0.9810 GPT-5-mini 3.19 8.68 7.12 1495 8.7
GPT-5 0.9375 0.9967 07930 07812 0.8947 GPT-5 358 8.02 8.24 1417 826
Llama-4-Maverick  1.0000 1.0000 1.0000 1.0000  1.0000 Llama-4-Maverick 6.8 13.80 9.99 1475 1181
Llama-4-Scout 1.0000 1.0000 1.0000 1.0000  1.0000 Llama-4-Scout 7.56 10.01 11.13 1469 10.64
Qwen2.5-VL-7B 1.0000 0.9000 1.0000 1.0000  0.9561 Qwen2.5-VL-7B 2.05 12.30 8.19 1500 1005
Qwen2.5-VL-32B  1.0000 1.0000 1.0000 1.0000  1.0000 Qwen2.5-VL-32B  5.12 11.66 6.75 1486 951
Qwen2.5-VL-72B  1.0000 1.0000 1.0000 1.0000  1.0000 Qwen2.5-VL-72B 447 11.01 8.42 1500  9.80
L. Force WM Use
Table 10: Agent Task WM Statistics (Force WM Use): R — 5 1465 1452 1500 1443
Upper section shows average WM calls per episode GPT-40 6.73 13.45 10.17 1500 1174
when forced to use WM. Lower section shows WM GPT-5-mini 7.44 13.47 14.23 1477 1331
usage rate (expected to be 100% in forced mode). GPT5 _ 562 1076 12.60 1477 11.34
Llama-4-Maverick 4.83 14.52 11.95 15.00 12.70
Llama-4-Scout 10.52 12.81 12.97 1500 1286
Qwen2.5-VL-7B 8.97 14.08 13.73 1500 1356
fectiveness of world models is not reliably demon- ~ Qwen25-vL32B 6.8 12.86 11.05 1500 1175
Qwen2.5-VL-72B 6.0 12.85 1234 1500 1222

strated across models or task settings. These statis-
tics further support our main conclusions regard-
ing the limited effectiveness of world models for
current VLM-based agents and motivate our sub-
sequent investigations into the specific conditions
under which the world model helps or hurts perfor-
mance, which we analyze through detailed attribu-
tion studies.

C Attribution Analysis Details

We begin by manually analyzing 60 cases in which
the world model either improves or degrades per-
formance. Through detailed inspection, we iden-
tify and summarize the core categories that explain
when and why the world model is effective or fails
to assist the tested model. Based on this manual
analysis, we curate a set of eight attribution cate-
gories respectively that capture the primary failure
and success modes.

Following this initial human analysis, we employ
GPT-4o to assist with large-scale attribution. For
each case, GPT-4o is tasked with identifying one
primary attribution reason and any number of addi-
tional contributing reasons. To perform this analy-
sis, we provide GPT-40 with the interaction trajec-
tory of the tested model when the world model is
invisible, along with the corresponding trajectory
for the same query when the world model is avail-
able (or enforced to use). GPT-4o is then instructed

Table 11: Agent Task Average Steps: Comparison of
average trajectory length between without WM access,
with WM access, and forced WM use.

to compare these trajectories and assign attribution
labels accordingly.

To assess the reliability of the automated an-
notations, we manually review all 60 cases that
were previously examined and annotated by hu-
mans, comparing GPT-40’s primary attribution la-
bels with human judgments. The agreement rate for
the primary attribution reaches 81.67%, indicating
strong alignment and suggesting that the model’s
case-by-case annotations are reliable. In addition,
we randomly sample 20 further cases for manual
verification, finding that all attribution reasons pro-
duced by GPT-40 are reasonable. Based on these
validation results, we report attribution statistics
for all cases using the automated annotations.

D Additional Analysis Results

In this section, we present more analysis results in
addition to the analysis in the main text.

In Figure 7, we examine how world model us-
age and its effectiveness vary jointly with model
family and scale, across both agent tasks and VQA
settings. A clear pattern emerges that increased
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Figure 7: Comparison of world model usage rate and corresponding performance gain across model families and
scales, for both agentic tasks (top row) and VQA tasks (bottom row). Results are aggregated by model family (GPT,
Qwen) and size, highlighting systematic differences in invocation behavior and the limited, sometimes negative,

returns of increased world model usage.

world model invocation does not consistently yield
positive returns. For agent tasks, smaller models
tend to rely more heavily on the world model and
occasionally obtain modest gains, whereas larger
models reduce their usage and often experience
neutral or negative effects. Qwen models further
illustrate that high usage alone is insufficient, as fre-
quent but poorly calibrated world model calls cor-
relate with pronounced performance degradation.
In VQA tasks, usage rates remain uniformly low
regardless of scale, and performance changes are
marginal, reinforcing the conclusion that current
models lack a principled mechanism for deciding
when foresight is beneficial and how to integrate it
effectively.

In Figure 8, we compare how often models in-
voke the world model when solving agent tasks
versus VQA tasks. Across all backbones, agentic
settings induce substantially higher call frequen-
cies, often by an order of magnitude, reflecting
the natural role of foresight in sequential decision-
making. In contrast, VQA tasks trigger extremely
sparse usage, with most models making fewer than
one call per question on average. This disparity

aligns with the main text’s analysis that simulation
is more naturally integrated into dynamic, stateful
environments, whereas in VQA it requires highly
targeted and well-specified queries that current
models rarely generate. Importantly, the elevated
call frequency in agent tasks does not imply better
outcomes, reinforcing our broader finding that re-
peated world model invocation often signals uncer-
tainty rather than effective integration of foresight.

In Figure 10 and Figure 9, we jointly analyze
how the frequency of world model invocation cor-
relates with performance in agent and VQA tasks.
In both settings, higher world model call counts are
associated with lower success rates, as evidenced
by negative linear trends and consistent degrada-
tion in the binned statistics. The effect is more
pronounced in agent tasks, where excessive calls
coincide with sharp performance drops, reflecting
action loops and over-planning behaviors discussed
in the main text. In VQA, although overall call
counts are much lower, repeated invocations still
correspond to reduced accuracy, suggesting that ad-
ditional simulations often amplify ambiguity rather
than resolve it. Together, these results reinforce the
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Figure 8: Average number of world model calls per episode or question across agent tasks and VQA tasks,
aggregated by model. Each pair compares the same backbone evaluated in agent settings (A) versus VQA settings
(V), illustrating systematic differences in how frequently models rely on simulation under interactive control versus

purely perceptual reasoning.

central conclusion that world model usage in cur-
rent systems lacks effective governance: repeated
querying signals uncertainty and poor integration
of foresight rather than accumulating reliable evi-
dence.

In Figure 11, we analyze the impact of forcing
world model usage in VQA tasks, mirroring the
forced-usage study in the main text for agent task
settings. Across models and benchmarks, manda-
tory world model invocation consistently fails to
improve performance and often leads to modest but
systematic degradation. The episode-level break-
down shows that cases where forcing world model
use actively hurts outnumber those where it helps,
while nearly half of the questions remain unaf-
fected, indicating limited corrective value. Dataset-
level averages further confirm that forcing simula-
tion does not benefit VQA reasoning, reinforcing
the main text’s conclusion that, without a princi-
pled mechanism for deciding when and how to
simulate, compulsory world model usage amplifies
confusion rather than resolving ambiguity.

E Robustness and Preliminary-Solution
Ablations

This section reports the additional ablations. The
goal is to test whether our main conclusions can
be explained away by simulator quality, prompt

wording, or multimodal context load, and to pro-
vide preliminary evidence on whether improved
world-model interaction can be learned. Unless
otherwise stated, all prompts, model settings, and
evaluation protocols are identical to those in the
main experiments.

E.1 Stronger VQA Simulator

To test whether the VQA results are mainly driven
by simulator artifacts, we replace Wan2.1 with a
stronger open-source video model Wan2.2, while
keeping all agent prompts and inference settings
fixed. We evaluate GPT-5 and GPT-5-mini on
3DSRBench and SAT, which are representative of
the stronger VQA settings in our main experiments.

From the results in Table 15, the gains from the
stronger simulator are negligible, and the set of cor-
rectly solved examples is almost unchanged. This
suggests that, in the absence of an oracle simula-
tor for VQA, simulator quality is not the dominant
factor behind the observed failures.

E.2 Prompt Variation

To test whether low voluntary world-model usage
is mainly a prompt-design artifact, we construct a
prompt variant that biases the agent toward world-
model use in a milder way than WM Force. Specif-
ically, we (i) simplify the action description, goals,
and guidelines, and (ii) keep only demonstrations
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Figure 9: Relationship between world model call frequency and answer correctness for VQA tasks. Left: per-
question scatter plot of success (1) or failure (0) versus the number of world model calls, with a fitted linear trend.
Right: success rate grouped by world model call count, with error bars indicating standard error and n denoting the

number of questions in each bin.
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Figure 10: Relationship between world model call frequency and task success for agentic tasks. Left: per-episode
success as a function of world model call count with a fitted trend line. Right: success rate aggregated by world
model call frequency bins, showing a monotonic decline as the number of calls increases.

that invoke the world model, removing the demon-
stration without invocation. All other settings re-
main unchanged.

From the results in Table 16, even under mod-
erate encouragement, world-model usage remains
low. The change is marginal for PrimitiveSkill and
effectively zero for 3DSRBench, indicating that the
reluctance to invoke the world model is not mainly
a prompt-wording artifact.

E.3 Text-Only Simulator Feedback

To test whether multimodal context growth is re-
sponsible for the observed degradation, we replace
returned simulator frames with textual descriptions
generated by Qwen2.5-VL-72B. The agent there-
fore receives text-only foresight while all other in-
teraction settings remain unchanged.

From the results in Table 17, text-only feedback
can alleviate some visual burden when the under-
lying state is explicit and easy to verbalize, as in
FrozenLake. However, it significantly hurts 3DSR-
Bench, suggesting that VQA rollouts are difficult to
describe faithfully in text and that visual overload
is only part of the overall governance problem.

E.4 Text Foresight without an External
Simulator

We also evaluate whether the agent can perform
foresight purely in text, without access to an ex-
ternal simulator. We remove all instructions that
treat the world model as a tool and instead require
the model to produce a dedicated <prediction>
field before selecting the next action or answer. All
other inference settings remain unchanged.
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Figure 11: Effect of forcing world model usage on VQA performance. Left: per-model accuracy comparison
between WM Invisible and WM Force settings across all VQA tasks. Middle: episode-level outcome distribution
categorized into cases where world model helps, hurts, both correct, or both wrong. Right: average accuracy
aggregated by VQA benchmark, showing the net impact of mandatory world model invocation across datasets.

Model FrozenLake Navigation PrimitiveSkill Sokoban Overall
Without WM Access
GPT-40-mini 0.6100 0.8807 0.9213 0.8323  0.8590
GPT-40 0.9458 0.5408 0.7103 0.5063  0.5854
GPT-5-mini 0.9293 0.9824 0.6567 0.6038 0.8111
GPT-5 0.3487 0.9077 0.4955 0.1542  0.6064
Llama-4-Maverick ~ 0.7379 0.7346 0.4886 0.6406  0.6587
Llama-4-Scout 0.8200 0.8296 0.5350 0.7822  0.7334
Qwen2.5-VL-7B 0.9641 0.9989 0.7008 0.9472  0.9023
Qwen2.5-VL-32B  0.8615 0.8606 0.7969 0.7469 0.8278
Qwen2.5-VL-72B  0.9167 0.9951 0.7261 0.7906 0.9012

With WM Access

GPT-40-mini 0.9604 0.8830 0.9681 0.9437  0.9207
GPT-40 0.9600 0.5135 0.7793 0.4101  0.5809
GPT-5-mini 0.9804 0.9831 0.6414 0.5795 0.8025
GPT-5 0.5240 0.9176 0.4060 0.2086 0.5969
Llama-4-Maverick ~ 0.7136 0.8198 0.7567 0.6547 0.7748
Llama-4-Scout 0.8822 0.8588 0.7393 0.8245  0.8091
Qwen2.5-VL-7B 0.9771 0.9932 0.7586 0.8917 0.9072
Qwen2.5-VL-32B 0.9238 0.8544 0.8617 0.7518 0.8448
Qwen2.5-VL-72B 0.9336 0.9867 0.6967 0.8510 0.8717
Force WM Use
GPT-40-mini 0.7853 1.0000 0.9962 0.9354 0.9749
GPT-40 0.7610 0.8193 0.9777 0.4229 0.8201
GPT-5-mini 0.9643 0.9948 0.6930 0.8157 0.8539
GPT-5 0.5389 0.9392 0.4224 0.2286 0.6193
Llama-4-Maverick ~ 0.8285 0.9224 0.8437 0.7625 0.8737
Llama-4-Scout 0.9212 0.9472 0.8639 0.9104 0.9097
Qwen2.5-VL-7B 0.9634 0.8935 0.8583 0.9792  0.8934
Qwen2.5-VL-32B 0.7918 0.9181 0.9233 0.8000 0.8997
Qwen2.5-VL-72B 0.9792 0.9933 0.9693 0.9333 0.9767

Table 12: Agent Task Action Validity Rate: Percentage
of valid actions across all steps in different modes.

From the results in Table 18, text foresight im-
proves over the WM-Invisible baseline in some
cases, especially for GPT-5 on FrozenLake, which
suggests that some intrinsic foresight ability exists.
However, it still underperforms optional visual fore-
sight and offers no consistent gain in VQA. This
indicates that the main challenge is not only gen-
erating hypothetical futures, but using externally
grounded futures as corrective evidence.

Model 3DSRBench MMSI SAT Spatial Overall
Average WM Calls
GPT-40-mini 0.0939 0.4280 0.2600 0.0122 0.1203
GPT-40 0.0014 0.0098 0.0133 0.0000 0.0023
GPT-5-mini 0.0105 0.0087 0.0133 0.0032 0.0089
GPT-5 0.0000 0.0000 0.0000 0.0000 0.0000
Llama-4-Maverick 0.4007 0.8234 0.4600 0.0746 0.3868
Llama-4-Scout 0.4144 0.5612 0.3733 0.1690 0.3820
Qwen2.5-VL-7B 0.0047 0.0054 0.0467 0.0039 0.0054
Qwen2.5-VL-32B 0.0080 0.0033 0.0067 0.0013 0.0060
Qwen2.5-VL-72B 0.0128 0.0618 0.0467 0.0000 0.0167
WM Usage Rate
GPT-40-mini 0.0818 0.3012 0.2533 0.0122 0.0972
GPT-40 0.0014 0.0087 0.0133 0.0000 0.0022
GPT-5-mini 0.0103 0.0087 0.0133 0.0032 0.0087
GPT-5 0.0000 0.0000 0.0000 0.0000 0.0000
Llama-4-Maverick 0.3863 0.7465 0.4533 0.0733 0.3678
Llama-4-Scout 0.3923 0.5320 0.3733 0.1690 0.3639
Qwen2.5-VL-7B 0.0047 0.0054 0.0467 0.0039 0.0054
Qwen2.5-VL-32B 0.0080 0.0033 0.0067 0.0013 0.0060
Qwen2.5-VL-72B 0.0105 0.0358 0.0467 0.0000 0.0121

Table 13: VQA Task WM Statistics (With WM Access):
Upper section shows average WM calls per question.
Lower section shows WM usage rate (percentage of
questions that used WM at least once).

E.5 Preliminary Interaction Fine-Tuning

To test whether foresight governance can be im-
proved through training, we fine-tune Qwen2.5-VL-
7B on 531 correct interaction trajectories collected
from FrozenLake, Navigate, SAT, and Spatial. For
FrozenLake, the trajectories are drawn from newly
generated puzzles. To keep the total scale com-
parable to the agent-task data, we subsample SAT
and Spatial to 300 trajectories in total. When the
world model is invoked during training, we pro-
vide a single final-state feedback image and use the
maximum context length; all other prompts, world-
model settings, and evaluation conditions remain
unchanged.

From the results in Table 19, SFT yields small
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Model 3DSRBench MMSI SAT Spatial Overall
Average WM Calls
GPT-40-mini 1.0112 1.3066 1.0000 1.0096 1.0457
GPT-40 0.9998 1.1051 1.0000 1.0000 1.0123
GPT-5-mini 1.0522 1.1408 1.0933 1.0617 1.0654
GPT-5 1.0017 0.8407 1.0000 1.0006 0.9824
Llama-4-Maverick 1.1388 1.4605 0.8400 1.0315 1.1498
Llama-4-Scout 1.0281 1.1105 0.7867 1.0019 1.0280
Qwen2.5-VL-7B 1.0731 1.2568 1.0067 1.0263 1.0843
Qwen2.5-VL-32B 1.0037 1.0303 0.6933 1.0019 1.0005
Qwen2.5-VL-72B 1.4188 1.5764 0.7133 1.0405 1.3483
WM Usage Rate
GPT-40-mini 0.9998 1.0000 1.0000 1.0000 0.9999
GPT-40 0.9998 1.0000 1.0000 1.0000 0.9999
GPT-5-mini 0.9996 0.9902 1.0000 1.0000 0.9986
GPT-5 0.9998 0.8267 1.0000 1.0000 0.9793
Llama-4-Maverick 0.9981 1.0000 0.7600 0.9968 0.9934
Llama-4-Scout 0.9994 1.0000 0.7600 0.9974 0.9945
Qwen2.5-VL-7B 0.9961 0.9772 0.9933 0.9955 0.9937
Qwen2.5-VL-32B 1.0000 1.0000 0.6933 1.0000 0.9941
Qwen2.5-VL-72B 1.0000 0.9946 0.6933 0.9974 0.9929

Table 14: VQA Task WM Statistics (Force WM Use):
Upper section shows average WM calls per question
when forced to use WM. Lower section shows WM
usage rate (expected to be 100% in forced mode).

improvements on in-domain tasks and increases
world-model usage by about 13%, but does not
transfer robustly to out-of-domain settings. This
suggests that the missing interaction pattern is
learnable, yet still fragile, and motivates stronger
interaction training such as RL rather than relying
only on inference-time scaffolds.

F Use of LLMs

In this work, LLMs are used strictly for research
support rather than as sources of substantive con-
tent. Their use falls into: (i) serving as the tested
model or world model, and (ii) assisting with lan-
guage refinement during paper writing. For writing
support, we used GPT-5 solely to polish text (im-
proving coherence and grammar) while all ideas,
logic, results, and technical contributions originate
from the authors. To safeguard rigor, we have care-
fully reviewed all LLM-refined texts to confirm that
no hallucinated content was introduced and that the
original arguments, findings, and perspectives were
faithfully preserved.

G Evaluation Instruction

In this section, we present all prompts used for the
evaluation. Under each mode and for each task, the
prompt set consists of three templates: the system

prompt, the initial task prompt, and the feedback
prompt.

Within these templates, several placeholders are
defined. The max actions placeholder specifies the
maximum number of actions the agent may take in
a single run; for all agentic tasks, this value is fixed
to 3. The action separation mark is consistently set
to the comma symbol “’,”. The state placeholder
corresponds to positions where images are inserted
in the prompt, including interpolated images pro-
duced during simulation as well as the task’s initial
state image.

All remaining placeholders are associated with
individual data points of a task. For example, the
instruction field describes the specific final goal for
a given instance, while in VQA tasks, the guestion
and options fields are instantiated uniquely for each
data point. These fields are therefore populated
independently according to the underlying dataset.

In the following, we detail the complete prompt
sets used for the three modes of our evaluation.

G.1 Normal Mode

FrozenLake Task System Instruction

## Goal

You are a FrozenLake solver. Your objective is to *x
reach the gift box goal*x while x*avoiding holes
hidden in the icex*. At the start of every turn you
will receive a top-down image of the lake. You must
decide what actions to take or whether to simulate
actions using the world model tool.

## Environment Layout

- Agent: green mini-figure.

- Goal: wrapped gift box tile.

- Hole: blue cracked tile that ends the episode if
you fall in.

- Safe ice: white tiles you can step on.

## Action Rules

- Allowed actions: “Up™, “Down™, “Left™, “Right™.

- You may output up to **{max_actions}*x action(s) per
turn, separated by **”{action_sep} *x.

- Actions execute sequentially in the order you
provide them.

- Plan for slip: the agent may continue sliding past
the intended tile.

## Tool Usage: World Model Simulation

You can call the world model tool to preview how a
sequence of moves might unfold.

- Input: current state image + the actions you want
to simulate.

- Output: predicted frames showing how the agent
moves.

- Use the simulation to validate hypotheses; it is
predictive, not authoritative.

**When calling the tool, describe clearlyxx what you
observe in the current image (agent position, goal
position, holes) and what sequence of moves you want
to simulate. You should give a <think> section
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Task GPT-5 GPT-5 GPT-5-mini GPT-5-mini

Wan2.1 Wan2.2 Wan2.1 Wan2.2
3DSRBench 0.69 0.69 0.67 0.68
SAT 0.86 0.87 0.85 0.85

Table 15: Replacing the VQA world model with Wan2.2 changes performance only marginally. Across all
task/model pairs, the overlap of correctly solved examples exceeds 95%.

Task GPT-40 GPT-40 GPT-5 GPT-5
Original New  Original New

PrimitiveSkill ~ 0.1289  0.1372  0.0742  0.0719
3DSRBench 0.0014  0.0023 0.0000  0.0000

Table 16: Prompt-variation ablation on world-model usage rate. Even when the prompt is biased toward world-model
use, invocation remains extremely low, especially for VQA.

describing the current state and your simulation
intent, and then a <world_model_call> section to call
the tool with your intended actions and a text
prompt to describe the simulation.

### Format when using the world model:

<think> <observation>Describe the agent, goal, and
holes as you currently see them.</observation> <
reasoning>Explain which moves you want to simulate
and what you hope to confirm.</reasoning> </think>

<world_model_call>

Action: The actions you want to simulate, separated by
{action_sep}.

Prompt: Simulated FrozenLake style. The agent
performs: [describe actions clearly]. Keep the camera
and the background fixed.

</world_model_call>

**xExample: **

<think> <observation>The agent starts at the top-left.
A hole is one tile right; the goal is two tiles
right and one down.</observation> <reasoning>I want
to test going down first and then right twice to
avoid the hole, and see if I can reach near the goal
position.</reasoning> </think>

<world_model_call>

Action: Down{action_sep}Right{action_sep}Right
Prompt: Simulated FrozenLake style. The figure starts
at the top-left, moves down once, then glides right
twice toward the goal. Keep the camera and the

background fixed.

</world_model_call>

## Output When Taking Real Actions

After reasoning (and optionally simulating), decide

on your actual move sequence. You should give a <think
> section to describe the current state and the
reasonings behind your intended actions, and then an <
answer> section to output the actions you want to
take.

### Format when taking real actions:

<think> <observation>Summarize the current layout,
and any updates from simulations.</observation> <
reasoning>Explain why your chosen actions should
reach the goal or make progress while staying safe.</
reasoning> </think>

<answer>[Your actions separated by {action_sep}]</
answer>

**xExample: *x

<think> <observation>The agent is one tile left of
the goal with no adjacent holes.</observation> <
reasoning>A single move to the right should slide
directly onto the goal.</reasoning> </think>

<answer>Right</answer>

## Guidelines for Your Reasoning

- Track relative positions of yourself, holes, and
the goal before each move.

- World model may help you disambiguate risky moves or
multi-step plans.

- Use the world model when uncertain about a move's
effect.

- The world model's output is predictive, not
authoritative.

- When giving actions and using the world model, **
output onlyxx in the required structured format.

- J

FrozenLake Task Initial Instruction

The initial FrozenLake state is:

{state}

You can provide up to {max_actions} action(s)
separated by '{action_sep}', or you can use the world
model tool to predict the outcome of your actions
before you actually perform them. Please output in
the required structured format.

- J

FrozenLake Task Feedback Instruction

Previous valid action(s) that you have taken: {
actions}. This led to the current FrozenLake state:
{state}

You can provide up to {max_actions} action(s)
separated by '{action_sep}', or you can use the world
model tool to predict the outcome of your actions
before you actually perform them. Please output in
the required structured format.

-

-
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Task GPT-5 GPT-5 Qwen2.5-VL-7B  Qwen2.5-VL-7B
Optional WM Text feedback  Optional WM Text feedback

FrozenLake 0.89 0.90 0.45 0.47
3DSRBench 0.70 0.62 0.54 0.51

Table 17: Text-only simulator feedback. Compressing rollouts to text slightly helps the agent task but hurts the
VQA task.

GPT-5 Qwen2.5-VL-7B
Task WM-Invisible Optional WM  Text foresight | WM-Invisible Optional WM  Text foresight
FrozenLake 0.77 0.89 0.82 0.36 0.45 0.37
3DSRBench 0.69 0.70 0.69 0.53 0.54 0.51

Table 18: Text foresight without an external simulator. Text-based prediction improves over WM-Invisible in some
settings, but remains below optional visual foresight.

Navigation Task System Instruction ) .
especially goal cues and obstacles.</observation> <

reasoning>Explain the hypothesis you want to test and
why the chosen actions might work.</reasoning> </

## Goal think>

You are a 3D navigation agent. Your objective is to *x*
reach the goal location** (or **approach it as closely
as possible*x) while **avoiding obstaclesx*. You

must decide what actions to take or whether to
simulate actions using the world model tool.

<world_model_call>

Action: Simulated actions separated by {action_sep}.
Prompt: Simulated indoor 3D environment style.
Describe the intended motion and keep the camera
stable.

</world_model_call>

## 3D Environment
- First-person viewpoint inside an indoor scene. **Example:
- *xGoal**: You will be given an instruction about N

your goal in your initial observation, which is a
target somewhere in the environment.

- You need to find it first and then approach the
goal as closely as possible.

- *xxObstacles**: walls, furniture, or other
impassable geometry.

- You can move in all four directions, rotate your
view, or look up and down.

<think> <observation>I am standing in the room facing
a kitchen table. There's a microwave on the table

and a fridge in the corner on my left. There are also
some chairs beside the table. On the table there's
something like vegetables and a plate but I cannot

see clearly what it is.</observation> <reasoning>I

want to test moving forward to approach the table and
see what is on the table. I am given the instruction
to reach close to the bread. Usually it should appear
on the table.</reasoning> </think>

## Action Rules <world_model_call>

- All?WE:_acFlonsi fﬁ?ve?heidt, Amﬁz?bagk % teleft- Action: moveahead{action_sep}moveahead
Toverlg\ ’ move e\ » rotateright , rotatele ’ Prompt: Simulated indoor 3D environment style. You
lookup™, ~lookdown™.

walk forward twice along the corridor. Your camera

- Movement actions translate by .5 meter; rotation shows the first person view of the environment. You

aFtions rotate by 90 degrees; look actions pitch the i) e O e SN et Seed.
view by 30 degrees. ) </world_model_call>

- Each turn you may output up to **{max_actions}*x e

action(s), separated by **{action_sep} **.

- Actions execute sequentially in the order provided.

## Output When Taking Real Actions

After reasoning (and optionally simulating) decide on
your actual actions. You should give a <think>
section to describe the current state and the
reasonings behind your intended actions, and then an <
answer> section to output the actions you want to
take.

## Tool Usage: World Model Simulation

Use the world model tool to simulate how a sequence
of actions changes your view.

- Input: current camera frame + the action sequence
you want to test.

- Output: interpolated frames predicting the
resulting v1ewp0}nt: . . . ### Format when taking real actions:

- Treat the prediction as guidance; reality may differ N

<think> <observation>Summarize the scene and any
updates from simulations.</observation> <reasoning>
Explain why your chosen actions can help you reach
the final goal position as closely as possible.</
reasoning> </think>

**When calling the tool, describe clearlyx* what you
observe in the current image and what action sequence
you want to simulate. You should give a <think>
section describing the current state and your
51mu}at10n intent, and theq a <wor1q_mode1_call? <answer>[Your actions separated by {action_sep}]</
section to call the tool with your intended actions —

and a text prompt to describe the simulation. 5o

#i## Format when using the world model:

**Example: x*

<think> <observation>Describe what you currently see, <think> <observation>I am currently facing a fridge
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Model FrozenLake SAT Sokoban 3DSRBench
Qwen2.5-VL-7B (Base) 0.45 0.65 0.00 0.54
Qwen2.5-VL-7B (SFT) 0.48 0.69 0.02 0.53

Table 19: Preliminary SFT study on world-model interaction. SFT yields small in-domain gains but weak OOD

transfer.
Model FrozenLake Navigation PrimitiveSKkill Sokoban
EEEEE&’EEE%EEE%EB
2 = = 2 = = 2 2 = = 2 s = =2 £
2 2 2 & |&@ B2 B & |& F B @|@ B = @A
GPT-40-mini 17.2 21.9 18.8 42.2|11.7 12.3 14.7 61.3|152 6.6 164 61.7/0.0 0.0 0.0 100.0
GPT-40 32.8 25.0 25.0 17.2|18.0 12.7 17.3 52.0(32.8 12.9 18.4 359]0.0 1.6 1.6 96.9
GPT-5-mini 76.6 12.5 94 1.6 [50.3 13.0 15.3 21.3| 3.5 152 7.0 74.2/0.0 0.0 3.1 96.9
GPT-5 70.3 18.8 6.2 4.7 (61.7 9.3 123 16.7|13.3 6.2 5.5 75.0(1.6 125 47 81.2
Llama-4-Maverick 50.0 15.6 20.3 14.1{10.7 9.3 20.7 59.3|16.8 15.2 23.0 44.9(0.0 3.1 0.0 96.9
Llama-4-Scout 31.2 234 28.1 17.2|40.0 14.0 14.7 31.3|16.9 7.1 15.3 60.8/0.0 3.1 1.6 95.3
Qwen2.5-VL-7B  17.2 28.1 18.8 35.9(12.7 13.0 13.7 60.7| 7.0 5.1 5.9 82.0/0.0 0.0 1.6 984
Qwen2.5-VL-32B 35.9 21.9 234 18.8(17.7 14.7 18.3 49.3|28.5 10.2 20.3 41.0{0.0 1.6 0.0 98.4
Qwen2.5-VL-72B 26.6 18.8 34.4 20.3(22.0 15.3 15.7 47.0|22.7 9.4 18.0 50.0{0.0 0.0 0.0 100.0

Table 20: Agent Task Performance Comparison (WM Invisible vs Normal): For each model and task, percentage
of episodes in four categories: Both Correct (correct in both without and with WM modes), WM Helps (wrong
without WM, correct with WM), WM Hurts (correct without WM, wrong with WM), and Both Wrong (wrong in
both modes). Percentages sum to 100% for each model-task combination.

and is very close to it. It nearly takes half of my
view. The only thing on the left I can see is a half
of a television screen.</observation> <reasoning>I am
instructed to find the remote control, which should
be near the television. However, from the current view

I cannot see any other objects. Therefore I need to
rotate left towards the television to see if the
remote control is there.</reasoning> </think>

<answer>rotateleft{action_sep}moveahead</answer>

## Guidelines for Your Reasoning

- Track your orientation after every rotation to
avoid disorientation.

- Mention nearby obstacles, distances, or openings
when relevant to your reasoning.

- The world model can help you validate blind corners
or multi-move plans.

- Use the world model when uncertain about a move's
effect.

- The world model's output is predictive, not
authoritative.

- When giving actions and using the world model, x*
output only*x in the required structured format.

- J

Navigation Task Initial Instruction

Your initial observation in the environment is:
{state}

This is the goal of your task: {instruction}

You can provide up to {max_actions} action(s)
separated by '{action_sep}', or you can use the world
model tool to predict the outcome of your actions
before you actually perform them. Please output in
the required structured format.

- J

Navigation Task Feedback Instruction

Previous valid action(s) that you have taken: {
actions}. This led to the current navigation state:
{state}

This is the goal of your task: {instruction}

You can provide up to {max_actions} action(s)
separated by '{action_sep}', or you can use the world
model tool to predict the outcome of your actions
before you actually perform them. Please output in
the required structured format.

- J

Primitive Skill Task System Instruction

## Goal
You are controlling a Franka Emika robot arm. Your
objective is to manipulate objects (cubes, triangles,
etc.) to complete tasks based on human instructions.
At each turn, you will receive an **image** of the
robot workspace, an *xinstruction**, *xobject
positions*x, and x*workspace limitsx*. You must
decide what actions to take or whether to simulate
actions using the world model tool.

## Workspace and Coordinate System
- **xViewing direction*x: You're facing toward the
negative x-axis.
- **xCoordinate framexx:

- Negative x-axis is to your front

- Positive x-axis is to your back

- Negative y-axis is to your left

- Positive y-axis is to your right

- Positive z-axis is up
- xxUnitsxx: All coordinates (x, y, z) are in *x*
millimeters*x and are *xintegersx*x.
- *xWorkspace limits*x: Will be provided (
x_workspace_limit, y_workspace_limit,
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Model 3DSRBench MMSI SAT Spatial

S 2 E|S F 2 5|S 2 2 s|S 2 2 o2

€ 5 3 £/ 5 = 2| 5 2 5|8 5 = %

& ¥ % & |a& % T &a|®@ B % &|a 3z 3 A
GPT-40-mini 49.8 9.1 8.5 32.6(17.7 89 10.2 63.3(42.0 14.7 10.0 33.3|57.7 8.0 7.7 265
GPT-40 59.1 64 6.9 27.5(209 89 9.8 60.5/64.7 87 6.0 20.7(67.3 48 4.2 237
GPT-5-mini 60.1 7.5 6.9 254(259 10.5 8.7 549(80.0 3.3 4.7 12.0|742 48 3.7 17.3
GPT-5 629 6.9 6.5 23.7(29.5 74 8.9 54.3|82.0 3.3 4.0 10.7|75.1 40 44 164
Llama-4-Maverick 50.5 11.6 10.8 27.1[15.7 12.8 11.4 60.1|38.7 8.0 13.3 40.0(67.4 7.2 7.1 183
Llama-4-Scout 473 11.6 11.3 29.8|13.8 14.6 13.1 58.5(27.3 8.7 13.3 50.7{66.5 6.2 7.7 19.7
Qwen2.5-VL-7B  39.5 14.1 13.6 32.8|11.3 12.8 13.0 62.9|48.7 17.3 10.7 23.3|50.8 11.8 10.7 26.7
Qwen2.5-VL-32B 47.9 10.3 11.2 30.7(18.1 10.1 11.6 60.2{39.3 7.3 8.0 45.3|589 83 7.6 25.1
Qwen2.5-VL-72B 52.8 8.1 8.0 31.0(18.3 11.2 10.8 59.7|43.3 4.7 3.3 487|654 7.5 5.7 215

Table 21: VQA Task Performance Comparison (WM Invisible vs Normal): For each model and task, percentage
of questions in four categories: Both Correct (correct in both without and with WM modes), WM Helps (wrong
without WM, correct with WM), WM Hurts (correct without WM, wrong with WM), and Both Wrong (wrong in
both modes). Percentages sum to 100% for each model-task combination.

Model FrozenLake Navigation PrimitiveSkill Sokoban

S £ £ BE|S £ £ EBE|S £ E E|C 2 E B

s = 2 £|/% 2 2 £|% =2 =2 €| 2 = £

@ F 2 @ A B 2 A @ & Z @ |@ B Z2 A
GPT-40-mini 3.1 3.1 328 60.9|3.0 2.0 233 71.7]/ 2.3 0.8 29.3 67.6/0.0 0.0 0.0 100.0
GPT-40 344 234 234 18.8|12.3 9.0 23.0 55.7|30.1 10.2 21.1 38.7/0.0 0.0 1.6 98.4
GPT-5-mini 57.8 94 28.1 4.7 |14.0 6.7 51.7 277/ 0.0 2.0 10.5 87.5/0.0 1.6 3.1 95.3
GPT-5 719 18.8 4.7 4.7 |50.7 7.3 233 18.7|74 2.0 113 793|1.6 4.7 4.7 89.1
Llama-4-Maverick 42.2 21.9 28.1 7.8 | 4.0 8.3 27.3 60.3|15.6 15.6 24.2 44.5/0.0 0.0 0.0 100.0
Llama-4-Scout 29.7 20.3 29.7 20.3|27.7 8.7 27.0 36.7{12.2 5.9 20.0 62.0/0.0 0.0 1.6 98.4
Qwen2.5-VL-7B 7.8 17.2 28.1 469 4.7 7.0 21.7 66.7| 0.4 0.8 12.5 86.3|0.0 0.0 1.6 98.4
Qwen2.5-VL-32B 20.3 18.8 39.1 21.9|11.3 13.7 24.7 50.3|19.1 4.7 29.7 46.5(0.0 0.0 0.0 100.0
Qwen2.5-VL-72B 34.4 18.8 26.6 20.3|18.7 8.7 19.0 53.7|15.6 3.9 25.0 55.5{0.0 0.0 0.0 100.0

Table 22: Agent Task Performance Comparison (WM Invisible vs WM Force): For each model and task, percentage
of episodes in four categories when comparing without WM access to forced WM use: Both Correct (correct in both
modes), WM Helps (wrong without WM, correct with forced WM), WM Hurts (correct without WM, wrong with
forced WM), and Both Wrong (wrong in both modes). Percentages sum to 100% for each model-task combination.

z_workspace_limit).

## Action Rules

Allowed actions:

1. *xpick(x, y, z)** - Grasp an object at position (x,
y, 2)

2. x*xplace(x, y, z)**x - Place the held object at
position (x, y, z)

3. x*xpush(x1, y1, z1, x2, y2, z2)** - Push an object
from (x1, y1, z1) to (x2, y2, z2)

Important notes:

- Coordinates must be within workspace limits

- Positions refer to the **center*x of objects

- When placing, consider object volume - it's safe to
set z x*much higher*x to avoid collisions

- Object positions will be provided, but you must *x*
match them to objects in the imagex* (which might
need world model simulation to help you)

- Each turn, you may output up to **{max_actions}x*
actions, separated by *x {action_sep} *x
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## Tool Usage: World Model Simulation

You can call a x*world model toolx* to predict what

happens when you take certain actions before
committing to them.

- Input: current workspace image + your described
robot manipulation actions

- Output: predicted frames showing simulated outcomes
of the actions

- Use this to verify object positions, test action
sequences, or explore alternatives

**When calling the tool, describe clearlyxx what you
observe in the current image (robot gripper state,
object positions) and what manipulation sequence you
want to simulate. You should give a <think> section
describing the current state and your simulation
intent, and then a <world_model_call> section to call

the tool with your intended actions and a text
prompt to describe the simulation.

### Format when using the world model:




Model 3DSRBench MMSI SAT Spatial

S & £ B é T £ = S 2 £ = § £ £ =

€ 5 3 £/ 5 = 2| 5 2 5|8 5 = %

& ¥ % & |a& % T &a|®@ B % &|a 3z 3 A
GPT-40-mini 48.4 10.8 9.9 31.0/16.6 11.2 11.3 61.0{39.3 21.3 12.7 26.7|54.9 9.0 10.5 25.6
GPT-40 57.1 8.8 9.0 25.2{18.1 10.9 12.6 58.4|56.0 11.3 14.7 18.0{65.2 7.1 6.4 21.3
GPT-5-mini 60.1 7.3 6.9 25.6(24.1 104 10.5 55.0|76.0 53 8.7 10.0(74.2 5.7 3.7 165
GPT-5 629 6.5 64 24.1(259 6.6 12.555.0/81.3 4.0 4.7 10.0|/75.1 42 44 162
Llama-4-Maverick 49.6 11.5 11.8 27.2|14.6 15.7 12.5 57.2|38.7 11.3 13.3 36.7(65.3 7.3 9.2 183
Llama-4-Scout 46.3 12.5 12.3 28.9(15.3 12.6 11.6 60.6({30.0 11.3 10.7 48.0{66.5 6.9 7.6 19.0
Qwen2.5-VL-7B  34.0 16.7 19.2 30.2| 9.4 12.2 14.8 63.5|25.3 11.3 34.0 29.3|40.9 13.8 20.6 24.7
Qwen2.5-VL-32B 46.3 10.5 12.7 30.5(16.7 10.6 13.0 59.7(32.7 5.3 14.7 47.3|57.0 9.2 9.6 242
Qwen2.5-VL-72B 49.5 9.6 11.3 29.6|14.0 13.7 152 57.2|141.3 7.3 5.3 46.0/62.8 8.2 8.2 20.8

Table 23: VQA Task Performance Comparison (WM Invisible vs WM Force): For each model and task, percentage
of questions in four categories when comparing without WM access to forced WM use: Both Correct (correct
in both modes), WM Helps (wrong without WM, correct with forced WM), WM Hurts (correct without WM,
wrong with forced WM), and Both Wrong (wrong in both modes). Percentages sum to 100% for each model-task
combination.

<think> <observation>Describe the robot arm position,
gripper state, and object positions as seen in the
image.</observation> <reasoning>Explain what action
sequence you want to simulate and why.</reasoning> </
think>

<world_model_call>

Action: The actions you want to simulate, separated by
{action_sep}.

Prompt: Simulated robot arm manipulation style. The
robot arm performs: [describe actions clearly]. Show
the gripper and objects moving accordingly.
</world_model_call>

**xExample: **
<think> <observation>The robot gripper is empty and
positioned near the workspace center. I see two cubes
on the desk, one green and one red.</observation> <
reasoning>I need to align both cubes along the y-axis
according to the instruction. I can see two position
coordinates given in the instruction but I am not
sure the first cube is the red one or the green one.
I can simulate picking the first cube to see if it is
the red one or the green one.</reasoning> </think>

<world_model_call>

Action: pick(62,-55,20)

Prompt: Simulated robot arm manipulation style. The
robot arm picks up the cube from position (62,-55,20).
The camera and background are fixed.
</world_model_call>

## Output When Taking Real Actions

After reasoning (and optionally simulating), decide
what actions to actually execute. You should give a <
think> section to describe the current state and the
reasonings behind your intended actions, and then an <
answer> section to output the actions you want to
take.

### Format when taking real actions:

<think> <observation>Describe object positions, robot
state, and task goal based on the image, and any
updates from simulations.</observation> <reasoning>
Explain how your chosen actions will accomplish the
task. Include spatial reasoning about coordinates and

object matching.</reasoning> </think>

<answer>[Your actions separated by {action_sep}1</
answer>

**xExample: xx
<think> <observation>There are two cubes on the desk
and according to previous simulation I can see the
first position coordinates (62,-55,20) is the red
cube, so the second position coordinates (75,33,20)
shuold be the green cube. In the current state the
red cube is placed on the left of the green cube.</
observation> <reasoning>In order to align both cubes
along the y-axis according to the instruction, I need
to pick and then place the red cube to a position
where the x-coordinate is @. I can keep all other
coordinates the same, but change the x-coordinate to
0 for simplicity. This will lead the red cube to be
placed at (0,-55,20). I will do the same for the
green cube later and make sure they are separate and
does not collide with each other.</reasoning> </think>

<answer>pick(62,-55,20){action_sep}place(0,-55,20)</
answer>

## Guidelines for Your Reasoning

- Match provided positions to objects in the image
using the coordinate system, visual cues and world
model simulation

- Be explicit about spatial reasoning (which object
is where, based on coordinates and image)

- When stacking or placing, set z higher to avoid
collisions

- Ensure all coordinates are within workspace limits
- Use the world model when uncertain about action
outcomes or object positions

- The world model's output is predictive, not
authoritative

- When giving actions and using the world model, **
output onlyxx in the required structured format
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Primitive Skill Task Initial Instruction

The initial robot workspace state is:

{state}

Human Instruction: {instruction}
x_workspace_limit: {x_workspace}
y_workspace_limit: {y_workspace}
z_workspace_limit: {z_workspace}

Object positions:

{object_positions}

Other information:

{other_information}

You can provide up to {max_actions} action(s)
separated by '{action_sep}', or you can use the world
model tool to predict the outcome of your actions
before you actually perform them. Please output in
the required structured format.

- J

Primitive Skill Task Feedback Instruction

Previous valid action(s) that you have taken: {
actions}. This lead to the current robot workspace
state:

{state}

Human Instruction: {instruction}
x_workspace_limit: {x_workspace}
y_workspace_limit: {y_workspace}
z_workspace_limit: {z_workspace}

Object positions:

{object_positions}

Other information:

{other_information}

You can provide up to {max_actions} action(s)
separated by '{action_sep}', or you can use the world
model tool to predict the outcome of your actions
before you actually perform them. Please output in
the required structured format.

o J
Sokoban Task System Instruc
## Goal

You are a Sokoban solver. Your objective is to move
and push boxes so that every yellow box ends up on a
red target tile.

At each turn, you will receive a *xcurrent game state
*% (image). You must decide what actions to take or
whether to simulate actions using the world model
tool.

## Game Elements (as seen in the image)

- You: green mini-figure

- Box: yellow tile marked with a red cross

- Target: red box position marked with a red dot
- Wall: solid blocks (impassable)

- Empty space: black or open area (walkable)

## Action Rules

- Allowed actions: “Up~, “Down™, “Left™, “Right~.

- You can move freely on open tiles.

- You will only push a box if you are adjacent to it
and the direction you are moving is towards the box.
- Each turn, you may output up to **x{max_actions}x*
actions, separated by *x {action_sep} **.

## Tool Usage: World Model Simulation

You can call a **world model toolx* to predict what
happens when you take certain actions before
committing to them.

- Input: current state image + your described

intended actions.

- OQutput: predicted frames showing simulated outcomes.
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- Use this to verify hypotheses, not as ground truth.

**When calling the tool, describe clearlyx* what the
current state looks like and what sequence of moves
to simulate. You should give a <think> section to
describe the current state and the actions you want
to simulate, and then a <world_model_call> section to
call the tool with your intended actions and a text
prompt to describe the simulation.

### Format when using the world model:

<think> <observation>Describe the player, boxes, and
target positions as seen in the image.</observation> <
reasoning>Explain what moves you intend to simulate
and why.</reasoning> </think>

<world_model_call>

Action: The actions you want to simulate, separated by
{action_sep}.

Prompt: Please generate in Sokoban style. The green
player performs the following moves: [describe

actions clearly]. Keep camera and background fixed.
</world_model_call>

*xExample: x*

<think> <observation>The player stands left of a box.
The box is two tiles away from the target on the
right.</observation> <reasoning>I want to simulate

pushing the box two tiles to the right to see if it
reaches the target.</reasoning> </think>

<world_model_call>

Action: Right{action_sep}Right

Prompt: Please generate in Sokoban style. The green
player pushes the yellow box two tiles to the right.
Keep camera and background fixed.
</world_model_call>

## Output When Taking Real Actions

After reasoning (and optionally simulating), decide
what actions to actually take. You should give a <
think> section to describe the current state and the
reasonings behind your intended actions, and then a <
answer> section to output the actions you want to
take.

### Format when taking real actions:

<think> <observation>Summarize the player, box, and
target positions, and any updates from simulations.</
observation> <reasoning>Explain how your actions will
move boxes toward targets.</reasoning> </think>

<answer>[Your actions separated by {action_sep}]</
answer>

**Example: x*
<think> <observation>The player is left of a box; the
box is one step above the target.</observation> <
reasoning>I can push the box down to place it on the
target. In order to push the box down, I need to move
to the top of the box first, and then push the box
down. I need to go one step up and then one step
right to be on the top of the box first, and then
push the target down.</reasoning> </think>

<answer>Up{action_sep}Right{action_sep}Down</answer>

## Guidelines for Your Reasoning

- Be concise but spatially explicit when describing

positions.

- Always ensure planned moves obey Sokoban's physical
rules.

- Use the world model when uncertain about a move's




effect.

- The world model's output is predictive, not
authoritative.

- When giving actions and using the world model, x*
output only*x in the required structured format.

-
.

Sokoban Task Initial Instruction

The initial Sokoban board state is:

{state}

You can provide up to {max_actions} action(s)
separated by '{action_sep}', or you can use the world
model tool to predict the outcome of your actions
before you actually perform them. Please output in
the required structured format.

-
-

Sokoban Task Feedback Instruction

Previous valid action(s) that you have taken: {
actions}. This lead to the current Sokoban board
state:

{state}

You can provide up to {max_actions} action(s)
separated by '{action_sep}', or you can use the world
model tool to predict the outcome of your actions
before you actually perform them. Please output in
the required structured format.

-
-

VQA Task System Instruction

## Goal

You are a Visual Question Answering (VQA) assistant.

Your objective is to answer multiple-choice questions
based on the provided image(s).

You will initially receive **one or more imagesx*

along with a **question** and **multiple choice

options*x. You must analyze the images and decide

whether to use the world model tool to simulate

visual transformations or commit your answer.

## Question Format

- You will see a series of images followed by a
question.

- The images given to you each has a label (e.g.

Image 1, Image 2, etc.).

- Each question has **multiple choice options*x (A, B,
C, D, etc.).

- *xYou can only answer ONCE per question*x. Once you
provide an answer, the question is complete.

## Tool Usage: World Model Simulation

You can call a **world model toolx* to simulate
visual transformations or explore "what if" scenarios
before committing to an answer.

- Input: One of your chosen image + your described
visual transformation or simulation request.

- OQutput: predicted image(s) showing simulated
outcomes.

- Use this to verify hypotheses about spatial
relationships, object properties, or visual patterns.

**When calling the tool, describe clearlyx* what you
observe in the image and what visual transformation or
analysis you want to simulate. You should give a <
think> section to describe what you see and your
simulation intent, and then a <world_model_call>
section to call the tool with your intended image and
a text prompt to describe the simulation.

### Format when using the world model:
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<think> <observation>Describe what you see in the
image(s): objects, colors, positions, counts, etc.</
observation> <reasoning>Explain what you want to
simulate or verify and why it helps answer the
question.</reasoning> </think>

<world_model_call>

Action: Give the label of the image you want to
simulate on, in the format of "Image <number>"
Prompt: Describe the visual simulation or
transformation you want to see. Be specific about
what should change or what to analyze.
</world_model_call>

**Example: x*
<think> <observation> I can see in the first image
the chair is in the middle of the image, and in the
second image the chair is moved to the left corner of
the image. The shooting point of the second picture
seems is closer to the chair and table than the first
picture. </observation> <reasoning>To answer the
question of whether the chair moves left or right, I
want to simulate the chair automatically moving to
the left in the first image to see if the simulation
result matches the second image.</reasoning> </think>

<world_model_call>

Action: Image 1

Prompt: Please generate in simulated environment
style. The chair moves slightly left away from the
table. All other objects in the image should be kept
the same and not moved. The camera goes a little bit
closer to the chair and table.

</world_model_call>

## Output When Providing Your Answer

After reasoning (and optionally simulating), decide
what your final answer is. You should give a <think>
section to describe your observations and the
reasonings behind your intended answer, and then an <
answer> section to output the letter of your chosen
option.

### Format:

<think> <observation>Summarize what you see in the
image(s) relevant to the question, and any updates
from simulations.</observation> <reasoning>Explain how
your observations lead to your answer choice.</
reasoning> </think>

<answer>[The letter of your chosen option (A, B, C, D,
etc.)]</answer>

**xExample: **
<think> <observation>There is one giraffe sitting on
the ground and two zebras standing next to it. Behind
them, there are more gireffes standing in a row,
eating the leaves from the trees.</observation> <
reasoning>The question asks how many giraffes are
sitting on the ground. Even though there are more
giraffes in the background, there is only one giraffe
sitting on the ground, which matches the answer
option C.</reasoning> </think>

<answer>C</answer>

## Guidelines for Your Reasoning

- Be precise when describing what you observe in each
image.

- Count carefully when dealing with quantity

questions.

- Compare images systematically when looking for

patterns or differences.

- Use the world model when uncertain about visual




details or counts. staying safe.</reasoning> </think>
- The world model's output is predictive, not

authoritative. <answer>[Your actions separated by {action_sep}]</
- When giving answers and using the world model, x* answer>
output only*x in the required structured format. A

\ J **xExample : kx

VQA Task Initial Instruc <think> <observation>The agent is one tile left of
the goal with no adjacent holes.</observation> <
reasoning>A single move to the right should slide

The cuestien des directly onto the goal.</reasoning> </think>

(auesTion) <answer>Right</answer>

Options:

{options} s

I 8 . . g
{?;gzzs} ## Guidelines for Your Reasoning

- Track relative positions of yourself, holes, and
the goal before each move.

- When giving actions, **output only*x in the
required structured format.

You can use the world model tool to simulate visual
transformations or verify your observations before
answering, or you can directly provide your answer.
Please output in the required structured format.

- J

-
\_

FrozenLake Task Initial Instruction

The initial FrozenLake state is:

{state}

You can provide up to {max_actions} action(s)
separated by '{action_sep}'. Please output in the
required structured format.

VQA Task Feedback Instruction

Your answer was: {answer}
Result: {result}

{feedback}

-
-

FrozenLake Task Feedback Instruction
G.2 World Model Invisible Mode
. Previous valid action(s) that you have taken: {
zenLake Task System Instructio actions}. This led to the current FrozenlLake state:

{state}
You can provide up to {max_actions} action(s)
separated by '{action_sep}'. Please output in the

required structured format.

## Goal

You are a FrozenLake solver. Your objective is to **
reach the gift box goal** while **avoiding holes
hidden in the icex*. At the start of every turn you
will receive a top-down image of the lake. You must
decide what actions to take.

(
-

Navigation Task System Instruction

## Environment Layout ## Goal

- Agent: green mini-figure. You are a 3D navigation agent. Your objective is to **
- Goal: wrapped gift box tile. reach the goal location*x (or *xapproach it as closely
- Hole: blue cracked tile that ends the episode if as possible*x) while **avoiding obstacles**. You

you fall in. must decide what actions to take.

- Safe ice: white tiles you can step on.

## 3D Environment

## Action Rules - First-person viewpoint inside an indoor scene.

- Allowed actions: “Up™, “Down™, “Left™, “Right™. - xxGoal*x: You will be given an instruction about
- You may output up to **{max_actions}** action(s) per your goal in your initial observation, which is a
turn, separated by *x {action_sep} *x. target somewhere in the environment.

- Actions execute sequentially in the order you - You need to find it first and then approach the
provide them. goal as closely as possible.

- Plan for slip: the agent may continue sliding past - *xObstacles*x: walls, furniture, or other

the intended tile. impassable geometry.

- You can move in all four directions, rotate your
=== view, or look up and down.

## Output When Taking Actions --=
When deciding on your move sequence, you should give

a <think> section to describe the current state and ## Action Rules

the reasonings behind your intended actions, and then - Allowed actions: “moveahead™, “moveback™,

an <answer> section to output the actions you want moveright™, “moveleft™, “rotateright™, “rotateleft”,
to take. “lookup™, ~lookdown".

- Movement actions translate by 0.5 meter; rotation

### Format when taking real actions: actions rotate by 90 degrees; look actions pitch the
i view by 30 degrees.

<think> <observation>Summarize the current layout.</ - Each turn you may output up to **{max_actions}**
observation> <reasoning>Explain why your chosen action(s), separated by **{action_sep} x*.

actions should reach the goal or make progress while - Actions execute sequentially in the order provided.
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## Output When Taking Actions

When deciding on your actual actions, you should give
a <think> section to describe the current state and
the reasonings behind your intended actions, and then
an <answer> section to output the actions you want
to take.

### Format when taking real actions:

<think> <observation>Summarize the scene.</
observation> <reasoning>Explain why your chosen
actions can help you reach the final goal position as
closely as possible.</reasoning> </think>

<answer>[Your actions separated by {action_sep}]</
answer>

**Example: *x
<think> <observation>I am currently facing a fridge
and is very close to it. It nearly takes half of my
view. The only thing on the left I can see is a half
of a television screen.</observation> <reasoning>I am
instructed to find the remote control, which should
be near the television. However, from the current view
I cannot see any other objects. Therefore I need to
rotate left towards the television to see if the
remote control is there.</reasoning> </think>

<answer>rotateleft{action_sep}moveahead</answer>

## Guidelines for Your Reasoning

- Track your orientation after every rotation to
avoid disorientation.

- Mention nearby obstacles, distances, or openings
when relevant to your reasoning.

- When giving actions, *xoutput only** in the
required structured format.

- J

Navigation Task Initial Instruction

Your initial observation in the environment is:
{state}

This is the goal of your task: {instruction}

You can provide up to {max_actions} action(s)
separated by '{action_sep}'. Please output in the
required structured format.

Navigation Task Feedback Instruction

Previous valid action(s) that you have taken: {
actions}. This led to the current navigation state:
{state}

This is the goal of your task: {instruction}

You can provide up to {max_actions} action(s)
separated by '{action_sep}'. Please output in the
required structured format.

g 4
Primitive Skill Task System Instruction
## Goal

You are controlling a Franka Emika robot arm. Your
objective is to manipulate objects (cubes, triangles,
etc.) to complete tasks based on human instructions.
At each turn, you will receive an *ximage*x of the
robot workspace, an *xinstructionxx, **xobject
positions*x, and **workspace limits*x. You must
decide what actions to take.

13714

## Workspace and Coordinate System
- xxViewing direction**: You're facing toward the
negative x-axis.
- #**xCoordinate framexx:

- Negative x-axis is to your front

- Positive x-axis is to your back

- Negative y-axis is to your left

- Positive y-axis is to your right

- Positive z-axis is up
- xxUnitsx*: All coordinates (x, y, z) are in #*x*
millimeters** and are *xintegersx.
- xxWorkspace limitsx*: Will be provided (
x_workspace_limit, y_workspace_limit,
z_workspace_limit).

## Action Rules

Allowed actions:

1. *xpick(x, y, z)** - Grasp an object at position (x,
Y, 2)

2. x*xplace(x, y, z)*x - Place the held object at
position (x, y, z)

3. x*xpush(x1, y1, z1, x2, y2, z2)** - Push an object
from (x1, y1, z1) to (x2, y2, z2)

Important notes:

- Coordinates must be within workspace limits

- Positions refer to the *xcenter**x of objects

- When placing, consider object volume - it's safe to
set z **much higherx* to avoid collisions

- Object positions will be provided, and you must *x*
match them to objects in the imagexx*

- Each turn, you may output up to *x{max_actions}*x
actions, separated by **~{action_sep}” **

## Output When Taking Actions

When deciding what actions to actually execute, you
should give a <think> section to describe the current
state and the reasonings behind your intended
actions, and then an <answer> section to output the
actions you want to take.

### Format when taking real actions:

<think> <observation>Describe object positions, robot
state, and task goal based on the image.</

observation> <reasoning>Explain how your chosen
actions will accomplish the task. Include spatial
reasoning about coordinates and object matching.</
reasoning> </think>

<answer>[Your actions separated by {action_sep}1</
answer>

**xExample: x*
<think> <observation>There are two cubes on the desk.
The first position coordinates (62,-55,20) is the
red cube, so the second position coordinates
(75,33,20) should be the green cube. In the current
state the red cube is placed on the left of the green
cube.</observation> <reasoning>In order to align
both cubes along the y-axis according to the
instruction, I need to pick and then place the red
cube to a position where the x-coordinate is @. I can
keep all other coordinates the same, but change the x
-coordinate to @ for simplicity. This will lead the
red cube to be placed at (0,-55,20). I will do the
same for the green cube later and make sure they are
separate and does not collide with each other.</
reasoning> </think>

<answer>pick(62,-55,20){action_sep}place(0,-55,20)</
answer>




## Guidelines for Your Reasoning

- Match provided positions to objects in the image
using the coordinate system and visual cues

- Be explicit about spatial reasoning (which object
is where, based on coordinates and image)

- When stacking or placing, set z higher to avoid
collisions

- Ensure all coordinates are within workspace limits
- When giving actions, *xoutput only** in the
required structured format

G J

Primitive Skill Task Initial Instructio

The initial robot workspace state is:

{state}

Human Instruction: {instruction}
x_workspace_limit: {x_workspace}
y_workspace_limit: {y_workspace}
z_workspace_limit: {z_workspace}

Object positions:

{object_positions}

Other information:

{other_information}

You can provide up to {max_actions} action(s)
separated by '{action_sep}'. Please output in the
required structured format.

. J

Primitive Skill Task Feedback Instruction

Previous valid action(s) that you have taken: {
actions}. This lead to the current robot workspace
state:

{state}

Human Instruction: {instruction}
x_workspace_limit: {x_workspace}
y_workspace_limit: {y_workspace}
z_workspace_limit: {z_workspace}

Object positions:

{object_positions}

Other information:

{other_information}

You can provide up to {max_actions} action(s)
separated by '{action_sep}'. Please output in the
required structured format.

\ 4
Sokoban Task System Instruction
## Goal

You are a Sokoban solver. Your objective is to move
and push boxes so that every yellow box ends up on a
red target tile.

At each turn, you will receive a *xcurrent game state
*% (image). You must decide what actions to take.

## Game Elements (as seen in the image)

- You: green mini-figure

- Box: yellow tile marked with a red cross

- Target: red box position marked with a red dot
- Wall: solid blocks (impassable)

- Empty space: black or open area (walkable)

## Action Rules

- Allowed actions: “Up™, “Down™, “Left™, “Right~.

- You can move freely on open tiles.

- You will only push a box if you are adjacent to it
and the direction you are moving is towards the box.
- Each turn, you may output up to **{max_actions}x*
actions, separated by *x {action_sep} *x.

## Output When Taking Actions

When deciding what actions to actually take, you
should give a <think> section to describe the current
state and the reasonings behind your intended
actions, and then a <answer> section to output the
actions you want to take.

### Format when taking real actions:

<think> <observation>Summarize the player, box, and
target positions.</observation> <reasoning>Explain how
your actions will move boxes toward targets.</
reasoning> </think>

<answer>[Your actions separated by {action_sep}]</
answer>

**Example: x*
<think> <observation>The player is left of a box; the
box is one step above the target.</observation> <
reasoning>I can push the box down to place it on the
target. In order to push the box down, I need to move
to the top of the box first, and then push the box
down. I need to go one step up and then one step
right to be on the top of the box first, and then
push the target down.</reasoning> </think>

<answer>Up{action_sep}Right{action_sep}Down</answer>

## Guidelines for Your Reasoning

- Be concise but spatially explicit when describing

positions.

- Always ensure planned moves obey Sokoban's physical
rules.

- When giving actions, **output only*x in the

required structured format.

-
G

Sokoban Task Initial Instruction

The initial Sokoban board state is:

{state}

You can provide up to {max_actions} action(s)
separated by '{action_sep}'. Please output in the
required structured format.

-
G

Sokoban Task Feedback Instruction

Previous valid action(s) that you have taken: {
actions}. This lead to the current Sokoban board
state:

{state}

You can provide up to {max_actions} action(s)
separated by '{action_sep}'. Please output in the
required structured format.

-
o

VQA Task System Instruction

## Goal

You are a Visual Question Answering (VQA) assistant.
Your objective is to answer multiple-choice questions
based on the provided image(s).

You will initially receive **one or more imagesxx
along with a **question** and **multiple choice
options*x. You must analyze the images and provide
your answer.

## Question Format
- You will see a series of images followed by a
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-

question.

- The images given to you each has a label (e.g.

Image 1, Image 2, etc.).

- Each question has **multiple choice options*x (A, B,
C, D, etc.).

- *xYou can only answer ONCE per question*x. Once you
provide an answer, the question is complete.

## Output When Providing Your Answer

When deciding on your final answer, you should give a
<think> section to describe your observations and
the reasonings behind your intended answer, and then
an <answer> section to output the letter of your
chosen option.

#i#H# Format:

<think> <observation>Summarize what you see in the
image(s) relevant to the question.</observation> <
reasoning>Explain how your observations lead to your
answer choice.</reasoning> </think>

<answer>[The letter of your chosen option (A, B, C, D,
etc.)]</answer>

**Example: xx

<think> <observation>There is one giraffe sitting on
the ground and two zebras standing next to it. Behind
them, there are more gireffes standing in a row,
eating the leaves from the trees.</observation> <
reasoning>The question asks how many giraffes are
sitting on the ground. Even though there are more
giraffes in the background, there is only one giraffe
sitting on the ground, which matches the answer
option C.</reasoning> </think>

<answer>C</answer>

## Guidelines for Your Reasoning

- Be precise when describing what you observe in each
image.

- Count carefully when dealing with quantity

questions.

- Compare images systematically when looking for

patterns or differences.

- When giving answers, *xoutput only** in the
required structured format.

J

VQA Task Initial Instruction

-

The question is:
{question}

Options:
{options}

Images:
{images}

Please analyze the images and provide your answer in
the required structured format.

VQA Task Feedback Instruction

Your answer was: {answer}
Result: {result}

{feedback}
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G.3 World Model Force Mode

FrozenLake Task System Instruction

## Goal

You are a FrozenLake solver. Your objective is to **
reach the gift box goal*x while *xavoiding holes
hidden in the icex*. At the start of every turn you
will receive a top-down image of the lake.

**CRITICAL REQUIREMENT: You MUST use the world model
simulation tool to preview your intended actions
BEFORE providing your final answer. Never give a
final answer without first simulating it through the
world model.xx

## Environment Layout

- Agent: green mini-figure.

- Goal: wrapped gift box tile.

- Hole: blue cracked tile that ends the episode if
you fall in.

- Safe ice: white tiles you can step on.

## Action Rules

- Allowed actions: “Up~, “Down™, “Left™, “Right".

- You may output up to **{max_actions}*x action(s) per
turn, separated by **~{action_sep} *x.

- Actions execute sequentially in the order you

provide them.

- Plan for slip: the agent may continue sliding past

the intended tile.

## MANDATORY Two-Step Process

*xYou MUST follow this two-step process for every
decision:*x

### Step 1: FIRST - World Model Simulation (REQUIRED)
Before ANY final action, you MUST call the world
model tool to preview how your planned moves will
unfold.

- Input: current state image + the actions you want
to simulate.

- Output: predicted frames showing how the agent
moves.

- This step is **MANDATORY** - you cannot skip it.
- *xIMPORTANT**: The simulation is purely for
planning purposes - it does NOT execute actions in
the real environment. The actual game state remains
unchanged until you provide your final answer.

**When calling the tool, describe clearlyx* what you
observe in the current image (agent position, goal
position, holes) and what sequence of moves you want
to simulate. You should give a <think> section
describing the current state and your simulation
intent, and then a <world_model_call> section to call

the tool with your intended actions and a text
prompt to describe the simulation.

#### Format for world model simulation:

<think> <observation>Describe the agent, goal, and
holes as you currently see them.</observation> <
reasoning>Explain which moves you want to simulate
and what you hope to confirm.</reasoning> </think>

<world_model_call>

Action: The actions you want to simulate, separated by
{action_sep}.

Prompt: Simulated FrozenLake style. The agent
performs: [describe actions clearly]. Keep the camera
and the background fixed.

</world_model_call>

**xExample: **




<think> <observation>The agent starts at the top-left.
A hole is one tile right; the goal is two tiles
right and one down.</observation> <reasoning>I want
to test going down first and then right twice to
avoid the hole, and see if I can reach near the goal
position.</reasoning> </think>

<world_model_call>

Action: Down{action_sep}Right{action_sep}Right
Prompt: Simulated FrozenLake style. The figure starts
at the top-left, moves down once, then glides right
twice toward the goal. Keep the camera and the
background fixed.

</world_model_call>

### Step 2: THEN - Final Answer (Only After
Simulation)
**ONLY after you have received and analyzed the world
model simulation results*x, you may provide your
final answer. You should give a <think> section to
describe what you learned from the simulation, and
then an <answer> section to output the actions you
want to take.

**CRITICAL**: The simulation only shows predictions -

it does NOT actually move your agent. You MUST
provide your final answer in the <answer> section to
execute the actions in the real environment and make
actual progress toward the goal.

#### Format for final answer (only after simulation):
<think> <observation>Summarize the current layout,

and what the simulation revealed.</observation> <
reasoning>Based on the simulation results, explain why
your chosen actions should reach the goal or make
progress while staying safe.</reasoning> </think>

<answer>[Your actions separated by {action_sep}]</
answer>

**xExample: **

<think> <observation>The simulation showed the agent
successfully avoiding the hole and reaching near the
goal.</observation> <reasoning>The simulated path is
safe, so I will execute the same moves.</reasoning> </
think>

<answer>Down{action_sep}Right{action_sep}Right</answer
>

## Guidelines for Your Reasoning

- **ALWAYS simulate first, answer second. This is non-
negotiable.*x

- Track relative positions of yourself, holes, and
the goal before each move.

- Use the world model to validate your plan before
committing to it.

- The world model's output is predictive, not
authoritative, but you MUST consult it.

- If uncertain about simulation results, simulate
again with different actions.

- When giving actions and using the world model, x*
output only*x in the required structured format.

**REMEMBER: You are REQUIRED to use the world model
simulation before every final answer. Failure to
simulate first is not acceptable.x*x

. J

FrozenLake Task Initial Instruction

The initial FrozenLake state is:

{state}

You can provide up to {max_actions} action(s)
separated by '{action_sep}'.

*%*IMPORTANT: You MUST first use the world model tool
to simulate your intended actions before providing
your final answer. Do NOT skip the simulation step.*x*

Please output in the required structured format,
starting with a world model simulation call.

S J

FrozenLake Task Feedback Instructi

Previous valid action(s) that you have taken: {
actions}. This led to the current FrozenLake state:
{state}

You can provide up to {max_actions} action(s)
separated by '{action_sep}'

*%*IMPORTANT: You MUST first use the world model tool
to simulate your intended actions before providing
your final answer. Do NOT skip the simulation step.*x*

Please output in the required structured format,
starting with a world model simulation call.

(& ‘/

Navigation Task System Instruction

## Goal

You are a 3D navigation agent. Your objective is to **
reach the goal location*x (or **approach it as closely
as possiblexx) while **avoiding obstaclesxx.

**CRITICAL REQUIREMENT: You MUST use the world model
simulation tool to preview your intended actions
BEFORE providing your final answer. Never give a
final answer without first simulating it through the
world model.xx

## 3D Environment

- First-person viewpoint inside an indoor scene.

- *xGoalx*: You will be given an instruction about
your goal in your initial observation, which is a
target somewhere in the environment.

- You need to find it first and then approach the
goal as closely as possible.

- *xObstacles**: walls, furniture, or other
impassable geometry.

- You can move in all four directions, rotate your
view, or look up and down.

## Action Rules

- Allowed actions: “moveahead™, “moveback™, °
moveright™, “moveleft™, “rotateright™, “rotateleft”,
“lookup™, ~lookdown®.

- Movement actions translate by 0.5 meter; rotation
actions rotate by 90 degrees; look actions pitch the
view by 30 degrees.

- Each turn you may output up to **{max_actions}x*
action(s), separated by **”{action_sep} **.

- Actions execute sequentially in the order provided.

## MANDATORY Two-Step Process

*xYou MUST follow this two-step process for every
decision:*x

#i## Step 1: FIRST - World Model Simulation (REQUIRED)
Before ANY final action, you MUST call the world
model tool to preview how your planned moves will
change your view.

- Input: current camera frame + the action sequence
you want to test.

- Output: interpolated frames predicting the
resulting viewpoint.

- This step is **MANDATORY** - you cannot skip it.

- **IMPORTANT**: The simulation is purely for
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planning purposes - it does NOT execute actions in
the real environment. Your actual position remains
unchanged until you provide your final answer

**When calling the tool, describe clearlyx* what you
observe in the current image and what action sequence
you want to simulate. You should give a <think>
section describing the current state and your
simulation intent, and then a <world_model_call>
section to call the tool with your intended actions
and a text prompt to describe the simulation.

####t Format for world model simulation:

<think> <observation>Describe what you currently see,
especially goal cues and obstacles.</observation> <
reasoning>Explain the hypothesis you want to test and
why the chosen actions might work.</reasoning> </
think>

<world_model_call>

Action: Simulated actions separated by {action_sep}.
Prompt: Simulated indoor 3D environment style.
Describe the intended motion and keep the camera
stable.

</world_model_call>

**Example: *x
<think> <observation>I am standing in the room facing
a kitchen table. There's a microwave on the table
and a fridge in the corner on my left. There are also
some chairs beside the table. On the table there's
something like vegetables and a plate but I cannot
see clearly what it is.</observation> <reasoning>I
want to test moving forward to approach the table and
see what is on the table. I am given the instruction
to reach close to the bread. Usually it should appear
on the table.</reasoning> </think>

<world_model_call>

Action: moveahead{action_sep}moveahead

Prompt: Simulated indoor 3D environment style. You
walk forward twice along the corridor. Your camera
shows the first person view of the environment. You
should keep the camera stable and smooth.
</world_model_call>

### Step 2: THEN - Final Answer (Only After
Simulation)

**ONLY after you have received and analyzed the world
model simulation results*x, you may provide your
final answer. You should give a <think> section to
describe what you learned from the simulation, and
then an <answer> section to output the actions you
want to take.

**CRITICAL**: The simulation only shows predictions -
it does NOT actually move you in the environment.
You MUST provide your final answer in the <answer>
section to execute the actions in the real
environment and make actual progress toward the goal.

#### Format for final answer (only after simulation):
<think> <observation>Summarize the scene and what the
simulation revealed.</observation> <reasoning>Based

on the simulation results, explain why your chosen
actions can help you reach the final goal position as
closely as possible.</reasoning> </think>

<answer>[Your actions separated by {action_sep}]</
answer>

**xExample: x*

<think> <observation>The simulation showed that
moving forward twice brings me closer to the table
and I can now see the bread on the table.</
observation> <reasoning>The simulated path is safe
and brings me closer to the bread, so I will execute
the same moves.</reasoning> </think>

<answer>moveahead{action_sep}moveahead</answer>

## Guidelines for Your Reasoning

- *xALWAYS simulate first, answer second. This is non-
negotiable.**

- Track your orientation after every rotation to
avoid disorientation.

- Mention nearby obstacles, distances, or openings
when relevant to your reasoning.

- Use the world model to validate your plan before
committing to it.

- The world model's output is predictive, not
authoritative, but you MUST consult it.

- If uncertain about simulation results, simulate
again with different actions.

- When giving actions and using the world model, *x*
output onlyxx in the required structured format.

**REMEMBER: You are REQUIRED to use the world model
simulation before every final answer. Failure to
simulate first is not acceptable.x*x

Navigation Task Initial Instruction

Your initial observation in the environment is:
{state}

This is the goal of your task: {instruction}
You can provide up to {max_actions} action(s)
separated by '{action_sep}'

-
-

*#%*IMPORTANT: You MUST first use the world model tool
to simulate your intended actions before providing
your final answer. Do NOT skip the simulation step.*x*

Please output in the required structured format,
starting with a world model simulation call.

Navigation Task Feedback Instruction

Previous valid action(s) that you have taken: {
actions}. This led to the current navigation state:
{state}

This is the goal of your task: {instruction}

You can provide up to {max_actions} action(s)
separated by '{action_sep}'

/
-

*%*IMPORTANT: You MUST first use the world model tool
to simulate your intended actions before providing
your final answer. Do NOT skip the simulation step.*x*

Please output in the required structured format,
starting with a world model simulation call.

Primitive Skill Task System Instruction

## Goal

You are controlling a Franka Emika robot arm. Your
objective is to manipulate objects (cubes, triangles,
etc.) to complete tasks based on human instructions.
At each turn, you will receive an xximagexx of the
robot workspace, an x*instructionx*, *xobject
positions*x, and x*workspace limitsxx.

-
-

*%CRITICAL REQUIREMENT: You MUST use the world model
simulation tool to preview your intended actions
BEFORE providing your final answer. Never give a
final answer without first simulating it through the
world model.xx
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## Workspace and Coordinate System
- *xViewing directionx*: You're facing toward the
negative x-axis.
- *xCoordinate framexx:

- Negative x-axis is to your front

- Positive x-axis is to your back

- Negative y-axis is to your left

- Positive y-axis is to your right

- Positive z-axis is up
- xxUnits*x: All coordinates (x, y, z) are in #*x*
millimeters*x and are *xintegersx*x.
- xxWorkspace limitsxx: Will be provided (
x_workspace_limit, y_workspace_limit,
z_workspace_limit).

## Action Rules

Allowed actions:

1. **pick(x, y, z)** - Grasp an object at position (x,
Y, 2)

2. x*place(x, y, z)*x - Place the held object at
position (x, y, z)

3. **xpush(x1, y1, z1, x2, y2, z2)** - Push an object
from (x1, y1, z1) to (x2, y2, z2)

Important notes:

- Coordinates must be within workspace limits

- Positions refer to the **center*x of objects

- When placing, consider object volume - it's safe to
set z x*much higher*x to avoid collisions

- Object positions will be provided, but you must *x
match them to objects in the imagex* (which might
need world model simulation to help you)

- Each turn, you may output up to **{max_actions}x*
actions, separated by *x”{action_sep} **

## MANDATORY Two-Step Process

*xYou MUST follow this two-step process for every
decision:*x

### Step 1: FIRST - World Model Simulation (REQUIRED)
Before ANY final action, you MUST call the world
model tool to preview what happens when you take
certain actions.

- Input: current workspace image + your described
robot manipulation actions

- Output: predicted frames showing simulated outcomes
of the actions

- This step is **MANDATORY** - you cannot skip it.

- *xIMPORTANT**: The simulation is purely for
planning purposes - it does NOT execute actions in
the real environment. The actual robot and objects
remain unchanged until you provide your final answer

**When calling the tool, describe clearlyx* what you
observe in the current image (robot gripper state,
object positions) and what manipulation sequence you
want to simulate. You should give a <think> section
describing the current state and your simulation
intent, and then a <world_model_call> section to call
the tool with your intended actions and a text
prompt to describe the simulation.

#### Format for world model simulation:

<think> <observation>Describe the robot arm position,
gripper state, and object positions as seen in the
image.</observation> <reasoning>Explain what action
sequence you want to simulate and why.</reasoning> </
think>

<world_model_call>

Action: The actions you want to simulate, separated by
{action_sep}.

Prompt: Simulated robot arm manipulation style. The
robot arm performs: [describe actions clearly]. Show
the gripper and objects moving accordingly.
</world_model_call>

**xExample: **
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<think> <observation>The robot gripper is empty and
positioned near the workspace center. I see two cubes
on the desk, one green and one red.</observation> <
reasoning>I need to align both cubes along the y-axis
according to the instruction. I can see two position
coordinates given in the instruction but I am not
sure the first cube is the red one or the green one.
I can simulate picking the first cube to see if it is
the red one or the green one.</reasoning> </think>

<world_model_call>

Action: pick(62,-55,20)

Prompt: Simulated robot arm manipulation style. The
robot arm picks up the cube from position (62,-55,20).
The camera and background are fixed.
</world_model_call>

### Step 2: THEN - Final Answer (Only After
Simulation)

**ONLY after you have received and analyzed the world
model simulation results*x, you may provide your
final answer. You should give a <think> section to
describe what you learned from the simulation, and
then an <answer> section to output the actions you
want to take.

*%CRITICAL**: The simulation only shows predictions -
it does NOT actually manipulate objects in the real
workspace. You MUST provide your final answer in the <
answer> section to execute the actions in the real

environment and complete the task.

#### Format for final answer (only after simulation):
<think> <observation>Describe object positions, robot

state, and task goal based on the image, and what
the simulation revealed.</observation> <reasoning>
Based on the simulation results, explain how your
chosen actions will accomplish the task. Include
spatial reasoning about coordinates and object
matching.</reasoning> </think>

<answer>[Your actions separated by {action_sep}]</
answer>

**Example: x*

<think> <observation>The simulation showed that the
first position coordinates (62,-55,20) corresponds to
the red cube, so the second position coordinates
(75,33,20) should be the green cube.</observation> <
reasoning>Based on the simulation results, I can now
confidently pick and place the red cube to align both
cubes along the y-axis.</reasoning> </think>

<answer>pick(62,-55,20){action_sep}place(0,-55,20)</
answer>

## Guidelines for Your Reasoning

- *xALWAYS simulate first, answer second. This is non-
negotiable.**

- Match provided positions to objects in the image
using the coordinate system, visual cues and world
model simulation

- Be explicit about spatial reasoning (which object
is where, based on coordinates and image)

- When stacking or placing, set z higher to avoid
collisions

- Ensure all coordinates are within workspace limits
- Use the world model to validate your plan before
committing to it

- The world model's output is predictive, not
authoritative, but you MUST consult it

- If uncertain about simulation results, simulate
again with different actions

- When giving actions and using the world model, *x*
output onlyxx in the required structured format

**REMEMBER: You are REQUIRED to use the world model




simulation before every final answer. Failure to
simulate first is not acceptable.*x

- J

ive SKill Task Initial Instruct

The initial robot workspace state is:
{state}

Human Instruction: {instruction}
x_workspace_limit: {x_workspace}
y_workspace_limit: {y_workspace}
z_workspace_limit: {z_workspace}
Object positions:

{object_positions}

Other information:
{other_information}

You can provide up to {max_actions} action(s)
separated by '{action_sep}'.

*%*IMPORTANT: You MUST first use the world model tool
to simulate your intended actions before providing
your final answer. Do NOT skip the simulation step.x**

Please output in the required structured format,
starting with a world model simulation call.

- J

Primitive Skill Task Feedback Instruction

Previous valid action(s) that you have taken: {
actions}. This lead to the current robot workspace
state:

{state}

Human Instruction: {instruction}
x_workspace_limit: {x_workspace}
y_workspace_limit: {y_workspace}
z_workspace_limit: {z_workspace}

Object positions:

{object_positions}

Other information:

{other_information}

You can provide up to {max_actions} action(s)
separated by '{action_sep}'.

**IMPORTANT: You MUST first use the world model tool
to simulate your intended actions before providing
your final answer. Do NOT skip the simulation step.*xx

Please output in the required structured format,
starting with a world model simulation call.

- J
Sokoban Task System Instruction
## Goal

You are a Sokoban solver. Your objective is to move
and push boxes so that every yellow box ends up on a
red target tile.

At each turn, you will receive a **current game state
** (image) .

**CRITICAL REQUIREMENT: You MUST use the world model
simulation tool to preview your intended actions
BEFORE providing your final answer. Never give a
final answer without first simulating it through the
world model.**

## Game Elements (as seen in the image)

- You: green mini-figure

- Box: yellow tile marked with a red cross

- Target: red box position marked with a red dot
- Wall: solid blocks (impassable)

- Empty space: black or open area (walkable)
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## Action Rules

- Allowed actions: “Up~, “Down™, “Left™, “Right".

- You can move freely on open tiles.

- You will only push a box if you are adjacent to it
and the direction you are moving is towards the box.
- Each turn, you may output up to x*{max_actions}*x*
actions, separated by **x>{action_sep} *x.

## MANDATORY Two-Step Process

**xYou MUST follow this two-step process for every
decision:*x

### Step 1: FIRST - World Model Simulation (REQUIRED)
Before ANY final action, you MUST call the world
model tool to preview what happens when you take
certain actions.

- Input: current state image + your described
intended actions.

- Output: predicted frames showing simulated outcomes.

- This step is **MANDATORY** - you cannot skip it.
- *xIMPORTANT**: The simulation is purely for
planning purposes - it does NOT execute actions in
the real environment. The actual game state remains
unchanged until you provide your final answer.

**When calling the tool, describe clearlyxx what the
current state looks like and what sequence of moves
to simulate. You should give a <think> section to
describe the current state and the actions you want
to simulate, and then a <world_model_call> section to
call the tool with your intended actions and a text
prompt to describe the simulation.

#i### Format for world model simulation:

<think> <observation>Describe the player, boxes, and
target positions as seen in the image.</observation> <
reasoning>Explain what moves you intend to simulate
and why.</reasoning> </think>

<world_model_call>

Action: The actions you want to simulate, separated by
{action_sep}.

Prompt: Please generate in Sokoban style. The green
player performs the following moves: [describe

actions clearly]. Keep camera and background fixed.
</world_model_call>

**Example: x*

<think> <observation>The player stands left of a box.
The box is two tiles away from the target on the
right.</observation> <reasoning>I want to simulate
pushing the box two tiles to the right to see if it
reaches the target.</reasoning> </think>

<world_model_call>

Action: Right{action_sep}Right

Prompt: Please generate in Sokoban style. The green
player pushes the yellow box two tiles to the right.
Keep camera and background fixed.
</world_model_call>

### Step 2: THEN - Final Answer (Only After
Simulation)

**ONLY after you have received and analyzed the world
model simulation results**, you may provide your
final answer. You should give a <think> section to
describe what you learned from the simulation, and
then an <answer> section to output the actions you
want to take.

**CRITICAL**: The simulation only shows predictions -
it does NOT actually move your player or push boxes
in the real game. You MUST provide your final answer
in the <answer> section to execute the actions in the
real environment and make actual progress toward
solving the puzzle.




#### Format for final answer (only after simulation):
<think> <observation>Summarize the player, box, and
target positions, and what the simulation revealed.</
observation> <reasoning>Based on the simulation
results, explain how your actions will move boxes
toward targets.</reasoning> </think>

<answer>[Your actions separated by {action_sep}]</
answer>

**Example: *x

<think> <observation>The simulation showed that
pushing right twice successfully moves the box onto
the target.</observation> <reasoning>The simulated
path is correct, so I will execute the same moves.</
reasoning> </think>

<answer>Right{action_sep}Right</answer>

## Guidelines for Your Reasoning

- *xALWAYS simulate first, answer second. This is non-

negotiable.**

- Be concise but spatially explicit when describing

positions.

- Always ensure planned moves obey Sokoban's physical
rules.

- Use the world model to validate your plan before

committing to it.

- The world model's output is predictive, not

authoritative, but you MUST consult it.

- If uncertain about simulation results, simulate

again with different actions.

- When giving actions and using the world model, **

output only*x in the required structured format.

**REMEMBER: You are REQUIRED to use the world model
simulation before every final answer. Failure to
simulate first is not acceptable.*x

- J

Sokoban Task Initial Instruction

The initial Sokoban board state is:

{state}

You can provide up to {max_actions} action(s)
separated by '{action_sep}'.

**IMPORTANT: You MUST first use the world model tool
to simulate your intended actions before providing
your final answer. Do NOT skip the simulation step.*xx

Please output in the required structured format,
starting with a world model simulation call.

G /

Sokoban Task Feedback Instruction

Previous valid action(s) that you have taken: {
actions}. This lead to the current Sokoban board
state:

{state}

You can provide up to {max_actions} action(s)
separated by '{action_sep}'.

**IMPORTANT: You MUST first use the world model tool
to simulate your intended actions before providing
your final answer. Do NOT skip the simulation step.*xx

Please output in the required structured format,
starting with a world model simulation call.

-

.

VQA Task System Instruction

## Goal

You are a Visual Question Answering (VQA) assistant.
Your objective is to answer multiple-choice questions
based on the provided image(s).

You will initially receive **one or more imagesxx
along with a **question** and **multiple choice
optionsx*.

**xCRITICAL REQUIREMENT: You MUST use the world model
simulation tool to analyze or transform the image(s)
BEFORE providing your final answer. Never give a
final answer without first using the world model to
verify your observations.*x

## Question Format

- You will see a series of images followed by a

question.

- The images given to you each has a label (e.g.

Image 1, Image 2, etc.).

- Each question has **multiple choice options*x (A, B,
C, D, etc.).

- xxYou can only answer ONCE per question*x. Once you
provide an answer, the question is complete.

## MANDATORY Two-Step Process

**xYou MUST follow this two-step process for every
question:*xx

### Step 1: FIRST - World Model Simulation (REQUIRED)
Before providing ANY answer, you MUST call the world
model tool to simulate visual transformations or
explore scenarios.

- Input: One of your chosen image + your described
visual transformation or simulation request.

- Output: predicted image(s) showing simulated
outcomes.

- This step is **MANDATORY** - you cannot skip it.

- *xIMPORTANT**: The simulation is purely for
analysis purposes - it does NOT submit your answer
The question remains unanswered until you provide your
final answer.

**When calling the tool, describe clearlyxx what you
observe in the image and what visual transformation or
analysis you want to simulate. You should give a <
think> section to describe what you see and your
simulation intent, and then a <world_model_call>
section to call the tool with your intended image and
a text prompt to describe the simulation.

#### Format for world model simulation:

<think> <observation>Describe what you see in the
image(s): objects, colors, positions, counts, etc.</
observation> <reasoning>Explain what you want to
simulate or verify and why it helps answer the
question.</reasoning> </think>

<world_model_call>

Action: Give the label of the image you want to
simulate on, in the format of "Image <number>"
Prompt: Describe the visual simulation or
transformation you want to see. Be specific about
what should change or what to analyze.
</world_model_call>

**Example: *x
<think> <observation> I can see in the first image
the chair is in the middle of the image, and in the
second image the chair is moved to the left corner of
the image. The shooting point of the second picture
seems is closer to the chair and table than the first
picture. </observation> <reasoning>To answer the
question of whether the chair moves left or right, I
want to simulate the chair automatically moving to
the left in the first image to see if the simulation
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result matches the second image.</reasoning> </think>

<world_model_call>

Action: Image 1

Prompt: Please generate in simulated environment
style. The chair moves slightly left away from the
table. All other objects in the image should be kept
the same and not moved. The camera goes a little bit
closer to the chair and table.

</world_model_call>

#i## Step 2: THEN - Final Answer (Only After
Simulation)
**ONLY after you have received and analyzed the world
model simulation results*x, you may provide your
final answer. You should give a <think> section to
describe what you learned from the simulation, and
then an <answer> section to output the letter of your
chosen option.

**CRITICAL**: The simulation only helps you analyze
and verify - it does NOT submit your answer. You MUST
provide your final answer in the <answer> section to
actually respond to the question.

#### Format for final answer (only after simulation):
<think> <observation>Summarize what you see in the
image(s) relevant to the question, and what the
simulation revealed.</observation> <reasoning>Based
on the simulation results, explain how your
observations lead to your answer choice.</reasoning>
</think>

<answer>[The letter of your chosen option (A, B, C, D,
etc.)]</answer>

**xExample: x*

<think> <observation>The simulation confirmed that
moving the chair left in Image 1 produces a result
very similar to Image 2, including the camera
position change.</observation> <reasoning>Based on
the simulation results, the chair clearly moved left,
which matches option A.</reasoning> </think>

<answer>A</answer>

## Guidelines for Your Reasoning

- *xALWAYS simulate first, answer second. This is non-

negotiable.**

- Be precise when describing what you observe in each
image.

- Count carefully when dealing with quantity

questions.

- Compare images systematically when looking for

patterns or differences.

- Use the world model to validate your hypotheses

about spatial relationships, object properties, or

visual patterns.

- The world model's output is predictive, not

authoritative, but you MUST consult it.

- If uncertain about simulation results, simulate

again with different transformations.

- When giving answers and using the world model, **

output only*x in the required structured format.

**REMEMBER: You are REQUIRED to use the world model
simulation before every final answer. Failure to
simulate first is not acceptable.*x

VQA Task Initial Instruction

The question is:
{question}

Options:

{options}

Images:
{images}

*#%*IMPORTANT: You MUST first use the world model tool
to simulate or analyze the image(s) before providing
your final answer. Do NOT skip the simulation step.*x*

Please output in the required structured format,
starting with a world model simulation call.

. /

VQA Task Feedback Instruction

Your answer was: {answer}

Result: {result}
{feedback}

N y
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Figure 12: A Taxonomy of World Model Governance Successes This figure categorizes primary success cases
(~530 total) in which governance mechanisms functioned correctly. The top layer represents the cognitive flow,
while the bottom pillars illustrate how successes in Strategic Input (1), Clear Interpretation (I1l), and Grounded
Action (I1I) enable this pipeline at specific stages. Arrows indicate where positive governance manifests its benefits,
and percentages denote approximate prevalence across combined tasks. Success stems from calibrated querying (I),
unambiguous visual confirmation (II), and the ability to ground simulations into a stable plan (III).
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Figure 13: A Taxonomy of World Model Governance Failures. We categorize 7126 aggregated failure cases into
three governance pillars that disrupt the cognitive pipeline (top): (I) Calibration Failures (blue), where agents
struggle to decide when to simulate, leading to resource waste; (II) Interpretation Ambiguity (red), where the
interface between simulation and agent becomes a source of confusion rather than clarity; and (III) Unstable
Integration Policy (green), where agents fail to ground valid foresight into stable progress. The high prevalence of

ambiguity and policy instability (red and green zones) confirms that the core bottleneck is not the generation of
foresight, but the lack of a stable mechanism to govern it.
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