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Abstract

Video generation models have rapidly progressed, positioning themselves as video
world models capable of supporting decision-making applications like robotics and
autonomous driving. However, current benchmarks fail to rigorously evaluate these
claims, focusing only on general video quality, ignoring important factors to world
models such as physics adherence. To bridge this gap, we propose WorldModel-
Bench, a benchmark designed to evaluate the world modeling capabilities of video
generation models in application-driven domains. WorldModelBench offers two
key advantages: (1) Against to nuanced world modeling violations: By incor-
porating instruction-following and physics-adherence dimensions, WorldModel-
Bench detects subtle violations, such as irregular changes in object size that breach
the mass conservation law—issues overlooked by prior benchmarks. (2) Aligned
with large-scale human preferences: We crowd-source 67K human labels to
accurately measure 14 frontier models. Using our high-quality human labels, we
further fine-tune an accurate judger to automate the evaluation procedure, achieving
9.9% lower error in predicting world modeling violations than GPT-4o with 2B
parameters. In addition, we demonstrate that training to align human annotations
by maximizing the rewards from the judger noticeably improve the world modeling
capability. The dataset is hosted in HuggingFace at https://huggingface.
co/datasets/Efficient-Large-Model/worldmodelbench. The code to
run evaluation is available at https://github.com/WorldModelBench-Team/
WorldModelBench.

1 Introduction

Video generation models have achieved remarkable success in creating high-fidelity and realistic
videos [24, 8, 44, 57, 13, 52, 62, 42, 29, 18]. Beyond generating visually compelling content, these
models are increasingly seen as potential video world models. Video world models simulate feasible
future frames based on given text and image instruction [31, 42, 1]. These future frames obey
real-world dynamics and unlock grounded planning on decision-making tasks such as robotics,
autonomous driving, and human body prediction [6, 7, 1, 63, 9, 19, 10].

Despite the potential, the ability of video generation models to act as reliable world models remains
speculative. Existing benchmarks primarily evaluate on general video quality such as temporal
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Figure 2:Overview of WorldModelBench. WorldModelBenchjudgestheworld modeling capabil-
ity of video generation models across diverseapplication-driven domains. On WorldModelBench, a
model generates a video based on text and optionally image conditions and is scored alongcommon-
sense, instruction following , andphysics adherencedimensions. We collect 67Khuman labelsto
evaluate 14 frontier models. WorldModelBench is paired with a �ne-tuned judger, providing �ne-
grained feedback for models, and training to aligns its reward improves world modeling capabilities.

consistency and aesthetic coherence [26, 36, 54]. While these measures are necessary for video
world models, they are inadequate. Importantly, they do not capture real-world dynamics, e.g. adhere
to basic real-world physics (Figure 1). While efforts like VideoPhy [4] introduce physics-based
evaluations, their focus on interactions between daily objects overlooks broader application-driven
scenarios.

To address the gap, we introduce WorldModelBench to judge the world modeling capability of
video generation models. WorldModelBench consists of 350 image and text condition pairs, ranging
over 7 application driven domains, 56 diverse subdomains, and provides support for both text-to-
video (T2V) and image-to-video (I2V) models. In addition to being a comprehensive benchmark,
WorldModelBench features twounique advantages.

Figure 1: Model A and B generate high qual-
ity videos, but the robotic arm in A's video
is on the air, violating gravity. Established
benchmarks focus on general video quality
assessment, and does not distinguish videos
that violate physical laws.

Firstly, WorldModelBench detects nuanced world
modeling violations that are overlooked by previous
benchmarks. WorldModelBench maintains a minimal
evaluation on general video quality (frame-wise and
temporal quality), and focuses to introduce two di-
mensions speci�cally for world modeling: instruction
following and physics adherence. It further provides
�ne-grained categories for these two dimensions to
capture nuances: instruction following dimension is
broken down into four levels and physics adherence
are listed into �ve common violations (x 3:1). By
using this setup, it effectively capture cases such as
object changing sizes as Newton's law violation.

Secondly, WorldModelBench is paired with large-
scale human labels. We conduct a large scale human
annotation procedure and collect67K human labels
to accurately re�ect the performance of existing mod-
els with the proposed metrics (x 3:3). Using these
human annotations, we offer several key insights of
current video generation models, e.g. insuf�cient tun-
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