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Abstract

World models predict future world states result-
ing from actions, enabling Al agents to perform
planning in diverse environments. We introduce
WorldPrediction, a video-based benchmark for
evaluating world modeling and procedural plan-
ning capabilities of different models. In con-
trast to prior works that focus primarily on low-
level world modeling and robotic motion plan-
ning, WORLDPREDICTION is the first benchmark
that emphasizes actions with temporal and se-
mantic abstraction. Given initial and final world
states, the task is to distinguish the proper action
(WORLDPREDICTION-WM) or the properly or-
dered sequence of actions (WORLDPREDICTION-
PP) from a set of counterfactual distractors. As
such, to prevent models from exploiting low-level
continuity cues in background scenes, we provide
“action equivalents” — identical actions observed
in different contexts — as candidates for selection.
This benchmark is grounded in a formal frame-
work of partially observable semi-MDP, which
ensures better reliability and robustness of the
evaluation. We conduct extensive human filtering
and validation on our benchmark and show that
current frontier models barely achieves 57% ac-
curacy on High-level World Modeling and 38%
on Long-horizon Procedural Planning whereas
humans are able to perfectly solve both tasks.

1. Introduction

Advanced machine intelligence relies critically on two foun-
dational capabilities: world modeling and procedural plan-
ning (LeCun, 2022; Ha & Schmidhuber, 2018). World mod-
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Figure 1. Theoretical formulation of WorldPrediction. Latent
world states (s) and high-level actions (a) evolve according to
a hidden transition model 7, which is not directly accessible.
Instead, an observation model O maps these latent variables into
visual observations, producing images O(s) depicting states and
video segments O(a) depicting actions.

eling allows agents to internally simulate future world states,
enabling them to optimize their actions without trial-and-
error in the real world or reliance on explicit reward signals.
Procedural planning (Chang et al., 2020) involves determin-
ing ordered sequences of actions to achieve long-horizon
goals. These capabilities represent key steps toward devel-
oping Al systems that can reason effectively, act responsibly,
and interact smartly with complex environments.

Recent advances in low-level world modeling and plan-
ning have achieved significant progress in intuitive physics
understanding (Garrido et al., 2025), robotic motion con-
trol (Zhou et al., 2024a), navigation (Koh et al., 2021; Bar
et al., 2024) and autonomous driving (Wang et al., 2024b).
These scenarios typically involve precise physical dynam-
ics and high-frequency control without any semantic or
temporal abstraction. However, skilled human activities
require reasoning at a higher level, where individual ac-
tions span longer, non-uniform durations and encapsulate
multiple lower-level primitive actions (Sutton et al., 1999).
Abstraction enables efficient long-horizon reasoning in com-
plex tasks by significantly condensing the exponentially
growing search space. It can also reduce the sensitivity to
low-level variations and thereby enhancing generalization.
Moreover, it aligns closely with human cognition, improv-
ing interpretability and facilitating better communication.

We propose WorldPrediction, a benchmark for evalu-
ating high-level world modeling and long-horizon pro-
cedural planning. It consists of two sub-benchmarks:



ICML 2025 Workshop on Assessing World Models Submission

Figure 2.WORLDPREDICTION-WM andWORLDPREDICTION-PPtask formulation. For World Modeling, the objective is to select
which action clip depicts the transition from initial to nal state. For Procedural Planning, the objective is to select which sequence of
action clips T 2 [3; 10]) is correctly ordered to depict the transition from initial to nal stafEhe actual samples in the benchmark do

not contain any text, here the actions are annotated for vizualisation purposes)

WORLDPREDICTION-WM assesses whether the model WORLDPREDICTION-PP) and human performance.

understands the causalities of semantically and tempo-

rally abstract actions in real-world skilled human ac'tivities;z_ Related Works

WORLDPREDICTION-PPfurther extend the evaluation to

procedural planning over extended temporal horizons, iWorld Modeling. World Modeling is a fundamental ca-

contrast to existing benchmarks that typically focus on shorpability of autonomous intelligent systems (LeCun, 2022),

span of only 3-4 steps (Chang et al., 2020). Key features ofvhich consists in leveraging an internal representation of

the WORLDPREDICTION benchmark include: the world to predict and understand how the state of the

1) Diverse Actions and Tasks The benchmark covers world evolves .under Qifferent actions. _Current works can
be separated intpredictiveand generativeworld model-

a broad spectrum of human activities, such as cookinqhg Models such as I-JEPA (Assran et al., 2023), V-JEPA

household repair, technical maintenance, furniture assembl ardes et al., 2024) or DINO-WM (Zhou et al., 2024a) aim
health care, etc. Samples are sourced from ve datasets en-

L : : 10 predict latent representations of future states of the world,
compassing instructional web videos as well as egocentric, . .
and exocentric recordings of skilled human activities. \.Nh'Ch .has_ glso beep shown-to develop a basic understand-
ing of intuitive physics (Garrido et al., 2025). On the other
2) Discriminative Formulation. The benchmark adopts a hand,generativenvorld modeling uses denoising backbones
multiple-choice task formulation, where models select corto generate the next world state, a capability better t for
rect action or action sequences from a set of distractors. Exploration and simulation of the real world as shown by
facilitates direct comparisons between diverse world model Genie (Bruce et al., 2024) or UniSim (Yang et al., 2023).
planner architectureg(g, predictive vs. generative), modal- Due to the complexity of the real world, current world mod-
ity representationse(g, VLMs vs. diffusion). els have been explored either in synthetic environments

L (Kim et al., 2023; Hafner et al., 2023; Garrido et al., 2024;
3) Shortcut Mitigation . The benchmark represents statesGupta et al., 2024), or in real world environments with rel-

and actions using observations. To ensure thatflosLD- . . . .

PREDICTION evaluates the understanding of action-sta'[eatlve'y constrained action spaces suchomtics (Hafner
) ) ", et al., 2019; Zhou et al., 2024b; Wu et al., 2023; Mendonca

causality and to discourage models from exploiting super -

. A e . » et al., 2023) with manipulation-based actioagtonomous
cial continuity cues, we provideattion equivalents: iden-

. . s riving (Guan et al., 2024; Hu et al., 2023; Wang et al.,
tical actions captured in different backgrounds or observe ) . . . L

; . . . . 024a;b) with vehicle control actions, andvigation(Shah
from different viewpoints as action candidates.

et al., 2023; Koh et al., 2021; Bar et al., 2024) with spatial
We establish baseline performanceWi@RLDPREDICTION  movement actions.

using several SOTA approaches, including VLMs, SocraticP . . _—

i e rocedural Planning. Given an initial and nal state, Proce-
LLMs, video diffusion models, and Open-Event Proceduraldural Planning refers to the ability of predicting a sequence
Planning (OEPP) models (Wu et al., 2024). Overall results 9 yorp 9 q

. of actions which would bring the initial state to the nal state.
on WORLDPREDICTION demonstrate that while better per- ., . o . :
. . . While that formulation is common in robotic control (Sun
ception on larger models yield expected improvements, a . ) .
. . . . .’ etal., 2022; Lynch et al., 2023) for low-level manipulation
substantial gap still remains between the hlghest-performmgaskS in this work we focus on human-centric procedural
model (57.0% oWORLDPREDICTION-WM and 38.1% on ' P
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planning with higher-level actions (e.g., “remove the bat-

World Model / Planner

WorldPrediction

WorldPrediction

tery”, “attach a table leg”) (Ben-Shabat et al., 2021; Damen WM PP
et al., 2022), mostly from instructional videos (Chang etal., ermvi.2> Eig; 20 205
2020; Tang et al., 2019; Zhukov et al., 2019), which inher- InternVL2.5 (26B) 30.2 30.0
ently involves deeper semantic reasoning and abstraction of ,, InternVL.2.5 (38B) 50.3 811
granular actions. Recent work to tackle procedural planning Qwen2.5-VL (3B) 216 29.1
include using weak supervision from language (Zhao et al., gv\\,’veenn; 55\>/,_L ((3728,33) 13'_3 iii
2022), encoding intermediate state transitions (Niu et al., Qwen2.5-VL (72B) 57.0 36.7
2024) or using a condensed action state learning method Llama-3.1 (8B) 48.7 26.7
(Li et al., 2023) Alternatively, text-supervision using LLMs Hama-3.1 ggg; s a2
have shown to be effective (Liu et al., 2023; Wang et al., Llama-4 Scout 527 328
2023a; Islam et al., 2024), as well as diffusion-based ap- Llama-4 Maverick 53.6 34.7
proaches (Wang et al., 2023b). Despite recent attemptsSOcratic Qweng-g (32) jgil) gg-i
at expanding the scope of procedural planning (Wu et al., [ us ngeennz_é ((323)) 39.2 20.1
2024; Patel et al., 2023), the evaluation of the task is still Qwen2.5 (72B) 485 30.7
over-reliant on human annotated text labels of actions to DeepSeek-R1 (distilled) 50.8 28.4
convey interpretable plans, which motivates the formulation Gemini-2.0 55.6 335
of WorldPrediction. GPT-40 52,0 33.7
Claude-3.5-sonnet 53.3 38.1
12VGenXL 26.1
3. The WORLDPREDICTION Benchmark Video  12VGenXL + DINOv2 26.7 N/A
Diffusion CogVideoX 30.1
Task Formulation Given two images representing respec- CogVideoX + DINOv2 305
tively an initial and nal state, the objective &/ORLDPRE- T A e
DICTION is to select the correct transition that happened as PDPP 34.4

shown in Fig 2. IN'WORLDPREDICTION-WM, the candi-

dates are singular video segments depicting various actiongypje 1 performance comparison aMORLDPREDICTION-WM

while in WORLDPREDICTION-PP, the candidates are shuf- and worLDPREDICTION-PP accuracy (%).

ed sequences or video segments representing a plan of
varying length. All actions are replaced by action equiv-

alents, detailed below. We provide an extensive formafction Equivalent Retrieval. To mitigate shortcut learn-
grounding ofWORLDPREDICTION in Appendix B and data  ing from low-level visual continuity cues, we emplagtion

statistics in Appendix C

equivalentsvisually different yet semantically identical ac-

) ) tions captured in alternate backgrounds or viewpoints (more
Data SourceWe use the of cial dataset splits for evalu- details in B.3). For COIN, CrossTask, EPIC-KITCHENS-
ation of 5 different datasets: COIN (Tang et al., 2019)100, and IKEA-ASM, actions sharing the same textual label

CrossTask (Zhukov et al., 2019), EgoExo4D (Grau
man et al., 2024), EPIC-KITCHEN-100 (Damen et al.
2022), and IKEA-ASM (Ben-Shabat et al., 2021). The
test split for COIN and validation splits for CrossTask
EPIC-KITCHENS-100, EgoEx04D, and IKEA-ASM. For
WORLDPREDICTION-PP, we use number of action steps
T 2 f 3;4g for COIN and CrossTask, and 2 f 3;:::10g

for the remaining. The action sequence are sampled using a
sliding window following previous works.

Distractor Sampling. To rigorously test action dis-

crimination, each correct action is presented alongsid?oquab et al., 2024)).

‘constitute equivalents. For EQoExo4D, where explicit tem-
'poral boundaries are unavailable, we segment actions by
computing midpoints between consecutive timestamps and
'discard segments shorter than 5 seconds. We select the ego-
centric view for actions to clearly observe detailed hand
movements and use exocentric viewpoints for state observa-
tions due to their comprehensive scene coverage.

Sample Filtering. To Iter out nosiy observations, we

compute distances between visual features of initial and -
nal states using pretrained visual embeddings (DINOv2
Samples exceeding prede ned

three distractors, resulting in four total candidates. Fothresholds (2.75 fOM/ORLDPREDICTION-WM, 10 for
WORLDPREDICTION-WM, distractors are plausible alter- WORLDPREDICTION-PP) are excluded due to excessively

native actions drawn from the same task contegt,ame
video) but incompatible with the observed state transition

drastic or incoherent scene transitions. For EQOEx04D, we
additionally remove samples in which critical task-relevant

For WORLDPREDICTION-PP, distractors are generated by g ,a| information is obstructed by the human subject by

shuf ing the action sequences, preserving action-level plau
sibility while disrupting temporal correctness.

prompting a VLM (more details in D). We further removed
samples where there are too little difference between its

initial and nal states. These samples usually corresponded
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to a static segment in instructional videos, or only slightthe WORLDPREDICTION-PPtask, OEPP-based planners
body movement in EgoEx04D videos (as shown in Fig. 7).perform at a comparable level with the best zero-shot large
models' performance, while being signi cantly smaller.

4. Evaluation Results Human Evaluation and Filtering. To ensure the qual-
ity and robustness of th& ORLDPREDICTION benchmark,
we conducted a large-scale human evaluation and lItering

diffusion models, and Open-Event Procedural Plannin rocess. We initially constructed 1,500 samples for both

(OEPP) models. VLMs and Socratic LLMs serve as both he World Model|r_19 and Procedural Planning ta_sks. Each
. 0 oo sample was then independently solved by two different an-
world models and procedural planners due to their exibility,

while diffusion is tailored to world modeling and OEPP is notators, following detailed task-speci ¢ instructions and

. . . solved example demonstrations, with a totaBofdiffer-
only for planning. These baselines cover both widely evalu-

.ent human annotators to annotate all 3000 samples. We
ated open-source models as well as closed-source frontier

X L S . adopted a conservative ltering criterion: only samples
models, serving primarily to provide initial reference points

. . . . where both annotators independently provided the correct
for future research. Additional model information are in . . . .
Appendix E.1 answer were retained. After ltering, we obtain8d5 high-

quality samples foMWWORLDPREDICTION-WM and 570
Performance Comparison Table 1 summarizes model samples foWORLDPREDICTION-PP, ensuring effectively
performances on thé&/ORLDPREDICTION benchmark. In  perfect human performance on WorldPrediction. Notably,
the WORLDPREDICTION-WM task, smaller-scale VLMs due to the increased complexity of the Procedural Planning
perform near random chance levels, with InternVL2.5 (4B)task — which requires reasoning over temporally extended
and Qwen2.5-VL (3B) model notably struggling to pro- sequences rather than single transitions — a smaller pro-
duce outputs that choose from given options. There is portion of samples were kept. These human evaluation
signi cant breakthrough in world modeling performance results highlight the dif culty of our benchmark: the current
past a certain model scale, with a jump of roughly 20%best models olVORLDPREDICTION-WM, Gemini-2.0 and
from 26B to 38B for InternVL2.5, and from 3B to 7B for Qwen2.5, achieve only 55-57% accuracy, with most mod-
Qwen2.5-VL. However, it is interesting to note that long-els ranging between 40-50% accuracy as shown in Table 1.
horizon procedural planning do not show a signi cant boostFor WORLDPREDICTION-PP, even trained planners such
in performance with model size. Socratic LLMs,using high-as OEPP reach only around 35% accuracy, and zero-shot
quality captions generated by Qwen2.5-VL (72B), achievefrontier models around 37%, highlighting a signi cant gap
comparable results to VLMs. The best performing LLMs between machine and human performance, especially for
are the closed-source Gemini-2.0 for world modeling atprocedural planning where compounding errors at longer
55.6% and Claude-3.5 for procedural planning at 38.1%. Inhorizon are inevitable for current models. Further details
terestingly for socratic LLMs, the best performing model atregarding the annotation process, including inter-annotator
world modeling does not translate to the best one in procedigreement scores, annotation instructions, and annotator
ral planning, we hypothesize that perception is an importantvorkload distribution are provided in Appendix A.
component for model to be able to extend their single-step
per_formance to longer-horizon tasks. Additionally, it.can 5. Conclusion
be interpreted as a trade-off between stronger reasoning ca-
pabilities without visual grounding using socratic LLMs, In this work, we introduced WorldPrediction, the rst bench-
and better perceptual grounding using VLMs but no explicitmark designed to assess high-level world modeling and
reasoning. long-horizon procedural planning from purely visual ob-
. e - . servations. Unlike prior efforts that focused on low-level
Video diffusion models exhibit comparatively lower per- : . i

physical dynamics or short-horizon tasképRLDPREDIC-

formance, with CogVideoX-12V reaching 30.1% and TION emphasizes semantic and temporal abstraction, better
I2VGenXL achieving 26.1%. These results suggest pixel- P P ’

space generation struggles to effectively capture detaileaIIgnIng with the properties of understanding high-level hu-

. 4 : e . man activities. Evaluations across SOTA VLMs, LLMs,
action-state causal relationships (diffusion generation argiffusion models and procedural planning models suagest
shown in D and Fig. 9), and that using better image feature P P 9 99

(DINOV2 features instead of RGB) for candidate selectionfhat world modeling and procedural planning are still two

does not have much impact on the results. Another limit tasks which frontler models largely struggle with, desp|'te
aﬁumans easily solving both tasks. Current best performing

tion of diffusion models is the absence of a reliable metho -
. . models largely rely on textual descriptions to tackle both
for selecting the correct candidate sequence. Although us- : .
asks, especially procedural planning, whereas humans are

Ny .the. nal frames may appear |ntu.|t.|ve, it proves inef- able to solve the task from the observations alone. Filling
fective in accurately linking the transition @(s;+1 ) For

Models. We establish initial baseline performance on
WORLDPREDICTION using VLMs, Socratic LLMs, video
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this gap is essential to provide models with a better undefzarrido, Q., Ballas, N., Assran, M., Bardes, A., Najman, L.,
standing of our world at a higher-level and enable future Al Rabbat, M., Dupoux, E., and LeCun, Y. Intuitive physics

systems to assist humans in a variety of tasks. understanding emerges from self-supervised pretraining
on natural videos. arXiv preprint arXiv:2502.11831
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A. Additional Information on Human Annotations
A.1. Human Annotation Statistics

In this section, we provide additional information concerning the human evaluation setup. A total of 34 annotators for
World Modeling and 46 annotators for Procedural Planning were asked to solve the initial total of 1500 samples for each
tasks, while ensuring that each sample will be solved by two different annotator. We ask that annotators should work on
a minimum of 20 samples to have time to acclimate themselves to each task, and a maximum of 100 samples to avoid
diminishing attention and quality. This resulted in each annotator solving an average of 88 samples for World Modeling,
and 65 samples for Procedural Planning, which is effectively more dif cult and time-consuming to solve. We provide the
inter-annotator agreement on the original split of the benchmark for both tasks in table 2, with 73% on World Modeling and
65% on Procedural Planning, showing substantial agreement and reliability of the annotation results.

Dataset # Annotators  Avg. # Samples per Annotator Inter-Annotator Agreement
WorldPrediction-WM 34 88 0.73
WorldPrediction-PP 46 65 0.65

Table 2.Number of annotators, average number of samples evaluated per annotator and inter-annotator agreement for the human evaluation
and ltering.

A.2. Human Annotation Setting

Before starting the annotation task, as the tasks can be conceptually confusing for humans due to the use of action equivalents,
each annotator is given four solved examples of World Modeling and two solved examples of procedural planning along
with the explanation of how to choose the correct candidate. One solved example for World Modeling is shown in Figure
A.3 and a solved example for Procedural Planning is shown in Figure A.3. Along with the solved examples, the annotators
are given the following in-depth instructions:

World Modeling Instruction for Human Annotation

For the World Modeling task, you'll see two images showirigefore”, as context, and afafter” , as goal, situation
(for example, an empty cooking pot as “before”, and a cooking pot containing water as “aftéglr job is to
select which one of the four provided videos correctly shows the action performed to transition from the rst
initial state image to the second nal state imag®lease pay attention to the action itself instead of the visual
background (scenery or objects). We intentionally sampled the videos to depict the actions performed in a completely
different environment (continuing the last example, the correct video answer could be showing a different liquid, like
milk, being poured in a different pot: what matters is the performed action itself, here it would have been “Pouring
liquid into container”).

Procedural Planning Instruction for Human Annotation

For the Procedural Planning task, you'll see two images showitigedore”, as context, and afafter” , as goal,
situation (for example, ingredients laid out separately, and then a nished sandwiahij.job is to select which one
of the provided sequences of videos (each consisting of several short video clips) correctly shows the correct ¢rder
of action sequence to transition from the rst initial state to the second nal state imagdease pay attention to
the actions themselves instead of the visual background (scenery or objects), as we intentionally selected|videos
depicting the correct actions but performed in completely different environments (continuing the last example, the

correct sequence could be something like (1) put the ham on some bread (2) put the cheese (3) close the sdndwich,
but each action could be depicted in a different environment)
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A.3. Human Annotation Solved Examples

We show here the solved examples that were presented to the human annotators to better understand the task. Each solved
example was provided with a detailed explanation on how to solve the sample in question. Each annotator had 4 solved
examples of WorldPredictiol¥Mand 2 solved examples of WorldPredictiBiR-shown to them, according to which task

they were annotating.

(a) Solved Example with Rationale for the World Modeling task

(b) Solved Example with Rationale for the Procedural Planning task

Figure 3.(a) and (b) illustrate the solved examples and rationales for WorldPrediction-WM and WorldPrediction-PP that were shown to
annotators to guide their evaluations.



