Is Your Driving World Model an All-Around Player?
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Figure 1. How do world models perform in the real world? This work introduces

, a unified benchmark for evaluations on

! Generation, > Reconstruction, 3Action-Following, “Downstream Task, and > Human Preference, across 24 dimensions. We observe
no single model dominates across all axes, highlighting the need for balanced progress toward physically realistic world modeling.

Abstract

Today’s driving world models can generate remarkably re-
alistic dash-cam videos, yet no single model excels univer-
sally. Some generate photorealistic textures but violate ba-
sic physics, others maintain geometric consistency but fail
when subjected to closed-loop planning. This disconnect
exposes a critical gap: the field evaluates how real gen-
erated worlds appear, but rarely whether they behave real-
istically. We introduce , a unified benchmark
that measures world-model fidelity across the full spectrum,
from pixel quality and 4D geometry to closed-loop driving
and human perceptual alignment, through five complemen-
tary aspects and 24 standardized dimensions. Our evalu-
ation of six representative models reveals that no existing
approach dominates across all axes: texture-rich models
violate geometry, geometry-aware models lack behavioral

fidelity, and even the strongest performers achieve only 2-3
out of 10 on human realism ratings. To bridge algorith-
mic metrics with human perception, we further contribute
WorldLens-26K, a 26,808-entry human-annotated prefer-
ence dataset pairing numerical scores with textual ratio-
nales, and WorldLens-Agent, a vision-language evalua-
tor distilled from these judgments that enables scalable,
explainable auto-assessment. Together, the benchmark,
dataset, and agent form a unified ecosystem for assessing
generated worlds not merely by visual appeal, but by phys-
ical and behavioral fidelity.

1. Introduction

Consider a state-of-the-art driving world model that gener-
ates visually compelling multi-view videos. The textures
are sharp, the lighting is natural, and the motion appears


https://worldbench.github.io/worldlens
https://github.com/worldbench/WorldLens
https://huggingface.co/datasets/worldbench/videogen
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Figure 2.
Task, and  Human Preference, that jointly cover visual, structural, functional, and perceptual quality across 24 interpretable dimensions.

fluid. Yet when a pretrained planner is deployed within
this generated world to execute a routine maneuver, it fre-
quently collides or drifts off-road within seconds. This is
not an edge case: our experiments show that even the best-
performing world models complete fewer than 14% of nav-
igation routes under closed-loop control.

This paradox lies at the heart of the current world-
modeling landscape. Recent years have witnessed remark-
able progress in generative driving models [2, 22, 27], gen-
erating multi-view video sequences that are increasingly
difficult to distinguish from real footage. Yet the prevailing
evaluation metrics, such as FID, FVD, and LPIPS, were de-
signed for image quality, not world fidelity [13, 15]. These
metrics quantify perceptual similarity but reveal nothing
about whether the underlying geometry is coherent, whether
the physics are plausible, or whether the generated world
can support downstream autonomy tasks [17, 20]. As such,
the field has been optimizing for an incomplete objective:
worlds that appear real but do not behave realistically. The
absence of a comprehensive evaluation protocol means that
progress on one axis (e.g., texture realism) can mask re-
gression on others (e.g., 3D consistency or action control-
lability), making it difficult to compare models or identify
meaningful bottlenecks.

We introduce , a benchmark designed to
address this gap. Rather than scoring generated videos
along a single quality axis, we decompose evaluation along
five complementary axes: Generation (visual realism and

unifies five complementary aspects, namely 'Generation, > Reconstruction, ®Action-Following, * Downstream

temporal stability across eight dimensions), Reconstruc-
tion (whether videos can be lifted into coherent 4D Gaus-
sian fields), Action-Following (whether pretrained planners
can operate safely in the generated world), Downstream
Task (whether synthetic data supports real-world perception
models), and Human Preference (subjective judgments of
realism, physics, and safety from 930+ hours of annotation).
Together, these 24 dimensions span the full spectrum from
pixel fidelity to functional reliability, as illustrated in Figs. |
and 2. By evaluating each model through every lens simul-
taneously, WorldLens makes the trade-offs between com-
peting design choices explicit and quantifiable.

Our evaluation reveals a notable finding: no existing
world model dominates across all axes. Models that lead
in texture quality often violate physics; those with strong
geometry fail behaviorally; and even the best performers
score only 2-3 out of 10 on human realism ratings. These
results suggest that current architectures still treat appear-
ance, geometry, and dynamics as largely independent ob-
jectives, a decomposition that prevents holistic world under-
standing. To enable such evaluation at scale beyond man-
ual annotation, we further contribute WorldLens-26K, a
dataset of 26;808 human-scored video entries with textual
rationales, and WorldLens-Agent, a vision-language critic
agent distilled from these annotations via LoRA-based SFT
on Qwen3-VL-8B [1]. The agent achieves strong zero-shot
alignment with human judgments on unseen models, en-
abling automated, explainable evaluation at scale.



2. The Benchmark

A world model that generates visually appealing frames
does not necessarily understand the world it portrays.
To bridge this gap between surface-level appearance and

deeper understanding, WorldLens structures evaluation

along ve complementary axes (Fig. 2), each probing a dis-

tinct facet of world delity, ranging from low-level pixel

quality to high-level behavioral realism.

Generat'on: How R_ea“St,'C DOQS It APpear? ij decom- Figure 3. Statistics and word clouds of WorldLens-26K. Fre-
pose visual quality into eight dimensions organized around qent keywords align with target criteria, con rming that anno-
three questions. Are individual objects realistic? Subject tators maintain consistent, dimension-speci ¢ reasoning.

Fidelity (G.1, ") scores cropped objects via class-speci c

classi ers [8]; Subject Coherence (G.2, ") and Consis-

tency (G.3, ") track identity stability across frames using

RelD [11, 38] and DINO [4] features. Is the scene tempo- 'racking (D.3, ") via AMOTA [7], and Occupancy Predic-
rally and geometrically stable? Depth Discrepancy (G.4, #) tion (D.4, ") via SparseOcc RayloU [30]. Notably, even
measures frame-to-frame depth smoothness [34]; Temporafnodels with strong perceptual quality can degrade detec-
(G.5, ") and Semantic (G.6, ") Consistency assess global tion accuracy by 30-50%.

stability in CLIP [23] and SegFormer [32] spaces, respec-
tively. Is the video perceptually convincing as a whole? Per-
ceptual Discrepancy (G.7, #) computes FVD on I3D fea-
tures [5, 31], and Cross-View Consistency (G.8, ") evalu-
ates multi-camera alignment via LoFTR [29].
Reconstruction: Can a Coherent 3D World Be Recov-
ered? This aspect serves as the de nitive test for geometric

coherence. \We lift each generated sequence into a 4D Gau%'our time-synchronized modalities, including the generated

sian eld [16] and re-render it under both training and novel o : . .
. video alongside its semantic segmentation mask, estimated
camera poses. Models generating sharp 2D frames often ex-, . o )
-~ . . . depth map, and 3D bounding box overlay, facilitating holis-
hibit severe degradation under this protocol, generating geo-. " : )
o 2 : tic judgment across visual, structural, and behavioral as-
metric “ oaters” and depth artifacts that reveal how loosely . ;

. ects. Each annotation required 128 seconds on average,
current architectures couple temporal frames. We measur%)Otalin over 930 hours. Divergent ratinas between aroups
Photometric Error (R.1, #) via LPIPS/PSNR/SSIM at train- 9 - DIVeTg 9 >N group
. ST . were re-evaluated to ensure inter-annotator consistency.
ing poses, Geometric Discrepancy (R.2, #) via depth com-
parison using Grounded-SAM 2 [24, 25], and both Novel- From Human Judgment to Scalable Evaluation.

View Quality (R.3, ") and Novel-View Discrepancy (R.4, #)

under unseen viewpoints. The annotation effort leads to WorldLens-26K, a dataset
Action-Following: Can a Planner Operate Reliably of 26,808 scoring records, each coupling a numerical rating
Within It? This is arguably the most consequential as- with a free-text rationale that articulates why a particular
pect: if a pretrained planner [12, 14] cannot make safe de-score was assigned. As in Fig. 3, word-cloud of these ratio-
cisions within the generated world, the model's practical nales reveals strong topical alignment with their respective
value for autonomous driving remains limited. We mea- dimensions (e.g., “shape” and “re ection” for realism, “mo-
sure Displacement Error (A.1, #) between predicted and realtion” and “safety” for behavioral assessment), con rming
trajectories, Open-Loop Adherence (A.2, ") via the PDMS that annotators systematically attend to the intended percep-
score [6], Route Completion (A.3, ") in closed-loop simu- tual criteria. Building on this paired quantitative—qualitative
lation, and Closed-Loop Adherence (A.4, ") via the Arena supervision, we train WorldLens-Agent, a vision-language
Driving Score [35]. As we show in Sec. 3, the disparity evaluator distilled from human preferences through LoRA-
between open- and closed-loop results is substantial ancbased SFT on Qwen3-VL [1]. The agent simultaneously
highly informative. predicts dimension-speci ¢ scores and produces free-text
Downstream Task: Is the Synthetic Data Practically explanations that mirror human reasoning patterns, demon-
Useful? We assess whether generated videos can supstrating strong zero-shot generalization to previously un-
port 3D perception pipelines trained on real data. Specif- seen models (Fig. 7) and offering a practical pathway to-
ically, we evaluate Map Segmentation (D.1, ") via BEVFu- ward scalable, interpretable auto-evaluation without ongo-
sion [19], 3D Object Detection (D.2, ") via NDS [3], 3D ing manual labeling.

Human Preference: How Do Human Observers Judge
Quality? Quantitative metrics can miss perceptual artifacts
that human observers identify readily. Ten annotators in two
independent groups rated generated videos on a 1-10 scale
across four perceptual dimensions: World Realism (H.1),
Physical Plausibility (H.2), Behavioral Safety (H.4), and
3D & 4D Consistency (H.3). Each annotator reviewed



Table 1. Summary of benchmarking results of state-of-the-art driving world models for Generation and Reconstruction in WorldLens.

Aspect: Generation Aspect: Reconstruction
Model Ve Subject Subject Subject Depth  Temp. Sem. Percept.  Viewhoto. Geo. Novel Novel
ode enue | g Cohe." Cons." Disc.# Cons." Cons." Disc.# Cons/" Error## Disc.#  Qual." Disc.#

MagicDrive [9] ICLR'23 | 28:49 75:95  65:22%  24:19 74:44% 80:63% 222:00 185;7D:140 0:115 39:82%  427:30
DreamForge [21]]  arXiv24 | 31:99 75:12  76:40% 19:27 79:82% 84:99% 189:76  194:99| 0:097  0:105 _41:23% 347:70
DriveDreamer-2 [37]|  AAAI'25 27:38 78:97  74:49% _17.73 79:51% 85:91% 127:.07 302:83| 0:093 0:073 36:10% 259:91
OpenDWM [28] | CVPR'25 | 36:30  83:13 78:33% 18:17 79:63% 84:08%  90:42 211:18 | 0:065 0:088 39:54%  287:73
DiST-4D [10] ICCv'25 | 30:32  79:36 74:69% 17:71 77:76% 84:32% 58:08 389:78 | 0:066 0:080 43:09% 192:39
X-Scene [36]| NeurlPS'25| 27:17 7722 7437% 20:50 79:41% 83:80% 179:74 201j0@:098  0:096  38:04%  365:71

60:22 83:25 93:66% 14:27 93:24% 86:39% - 570:75‘ 0.056 - 45:69%

Empirical Max

Figure 4. 4D reconstruction from generated videos. Rowgenerated framé&novel-view rendering at a lateral offsétepth map.

3. Key Findings delity for improved downstream performance (35:55% map
segmentation, 33:22% detection, 15:30% tracking).
We evaluate six representative models: MagicDrive [9], 2p delity does not guarantee 4D coherence. Reconstruc-
DreamForge [21], DriveDreamer-2 [37], OpenDWM [28], tjon serves as the de nitive test, and most models exhibit
DiST-4D [10], and X-Scene [36], across all ve aspects. sjgnj cant degradation. When generated videos are lifted
Rather than enumerating each metric individually, we orga- jnio 4D Gaussian elds and re-rendered from novel view-
nize Fhe resu_lts around_ the most salie.nt insights. Compre'points, MagicDrive [9] generates dense oaters and over 2
hensive details are available in the main paper [18]. higher photometric error compared to OpenDWM (Fig. 4).
No model is an all-rounder. The radar chart in Fig. 1 DreamForge [21] exhibits similar artifacts. Only DiST-
summarizes the landscape concisely: every model ex-4D maintains clean, stable geometry under lateral camera
hibits notable weaknesses. OpenDWM [28] leads in sub-shifts, with its decoupled spatiotemporal diffusion and ex-
ject delity and coherence owing to multi-dataset train- plicit depth supervision cutting photometric and geomet-
ing, yet DiST-4D [10] dominates in perceptual discrep- ric error by 55%. This reveals a fundamental limitation:
ancy, cross-view consistency, and all reconstruction met-most diffusion-based architectures couple temporal frames
rics (Tab. 1). DriveDreamer-2 [37] achieves the strongesttoo loosely to achieve the spatial consistency required for
semantic consistency and geometric discrepancy, but fallsfaithful 3D reconstruction.
short in subject-level realism. All models remain substan- Open-loop performance masks closed-loop failure. All
tially below the Empirical Max, indicating that the frontier evaluated models achieve reasonable open-loop PDMS
of driving world generation is far from saturated. scores (71%—79%), indicating that planners can extract
Perceptual quality 6= functional utility. Perhaps the most meaningful cues from generated frames in isolation. How-
signi cant nding is the disconnect between perceptual ever, under closed-loop control, where planning decisions
quality and downstream utility. OpenDWM achieves the feed back into the simulation, route completion rates drop
strongest subject delity (36:30) and the lowest photo- sharply to 6-14%. The best-performing model, RLGF [33],
metric reconstruction error (0:065 LPIPS), yet it scores completes only 13:51% of routes. Frequent collisions and
only 21:96% on 3D object detection and 6:90% on track- off-road departures con rm that photorealistic appearance
ing, roughly 30-50% below DiST-4D. This reveals that alone cannot sustain safe navigation; the generated worlds
large-scale multi-domain training can enhance visual di- lack the causal and physical consistency required for sus-
versity while simultaneously hindering alignment with tained autonomous control.
task-speci ¢ data distributions. In contrast, DiST-4D's Human perception correlates with geometric consistency.
geometry-aware RGB-D generation trades some visual - Human preference scores remain notably low: averages
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