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A. Aspect 1: Generation

In this section, we detail the metrics used to evaluate the quality of generation of driving world models. This aspect assesses
the overall realism, coherence, and physical plausibility of generated driving videos, capturing how well a model reconstructs
the spatiotemporal structure of real-world scenes.

A.l. Subject Fidelity
A.1.1. Definition

Subject Fidelity quantifies the perceptual realism of object instances, such as vehicles and pedestrians, that appear in gener-
ated driving videos. It focuses on assessing whether each synthesized object visually resembles its real-world counterpart in
both appearance and semantic attributes. By isolating individual instances, this metric emphasizes fine-grained visual fidelity
that global perceptual measures may overlook, providing an object-centric view of generation quality.

A.1.2. Formulation

®
For a generated video y; = {yj(t)}? 1 with bounding boxes {b(t) }kKj1 , we crop object patches 0 Crop(y(t) b(t) ). LetC
denote the evaluated object categories (e.g., vehicle, pedestrian), and wCLS( ) be a pretrained blnary classifier for class c€C

outputting confidence pgt <) € [0, 1] that patch 0( ,1 looks real for that class. Aggregating across all objects, frames, videos,
and classes yields the overall Subject Fidelity score

N K"
1 9
S = 1
sp(Y) Ng|C|;§ Z J(Z); (D

A higher Ssp score indicates that generated objects are both visually convincing and semantically consistent with their
intended categories. Models achieving high fidelity tend to produce realistic textures, shapes, and colors that align with real-
world appearances, even under varying viewpoints and lighting conditions. This metric thus complements global measures
like FVD or LPIPS by focusing on localized realism at the instance level, offering insights into whether the generated world
contains physically believable and semantically meaningful entities.

A.1.3. Implementation Details

We evaluate Subject Fidelity using class-specific confidence scores. Pedestrian crops are classified using a pedestrian clas-
sifier pretrained on several commonly used pedestrian-datasets [6, 18, 27, 35], while vehicle crops are classified with a
ViT-B/16 model (*google/vit-base-patchl6-224") [29] pretrained on ImageNet-21k (14 million images, 21,843
classes) [8]. Category grouping is determined by regex-based label matching against the model’s id21abel. Images are
resized to 256 x 128 and normalized before inference. For each tracklet, we average the classification confidence of all
selected frames, and report the mean confidence as the final score.

A.1.4. Examples
Fig. I provides typical examples of videos with good and bad quality in terms of Subject Fidelity.

A.1.5. Evaluation & Analysis
Tab. I provides the complete results of models in terms of Subject Fidelity.

Table I. Complete comparisons among state-of-the-art driving world models in terms of Subject Fidelity in WorldLens.

MagicDrive DreamForge DriveDreamer-2 OpenDWM  DiST-4D X-Scene Empirical

Ssr (') [ICLR24] [arXiv'24] [AAAD25] [CVPR’25]  [ICCV’25]  [NeurlPS’25] Max
Vehicle (1) 26.16% 26.97% 24.23% 34.04% 28.02% 24.03% 56.10%
Pedestrian (1) 49.45% 77.13% 55.69% 56.65% 50.98% 55.42% 97.27%
Total (1) 28.49% 31.99% 27.38% 36.30% 30.32% 27.17% 60.22%




(a) Good example in the Subject Fidelity dimension (Score: )

(b) Bad example in the Subject Fidelity dimension (Score: 15.42%)

(c) Good example in the Subject Fidelity dimension (Score: )

(d) Bad example in the Subject Fidelity dimension (Score: 10.14%)

(e) Good example in the Subject Fidelity dimension (Score: )

(f) Bad example in the Subject Fidelity dimension (Score: 41.75%)

Figure 1. Examples of “good” and “bad” generation qualities in terms of Subject Fidelity in WorldLens.



A.2. Subject Coherence
A.2.1. Definition

Subject Coherence evaluates the temporal stability of an object’s visual identity across consecutive frames within a gener-
ated sequence. It captures whether the same entity — such as a specific car or pedestrian — maintains consistent appearance
attributes, including color, texture, and shape, over time. This metric assesses not only visual continuity but also the preser-
vation of object identity, which is crucial for generating physically plausible and temporally coherent scenes for autonomous
driving applications.

A.2.2. Formulation

For each generated video y; = {y](t)}tT 1> the conditioning provides bounding boxes {b%} and associated track IDs r; .

Object patches are cropped as o( = Crop(y, () b t))

{5-normalized embeddings:

for object track 7 = r; . A frozen RelD encoder ¢rerp(-) extracts

gy = onan (o)), liglll = 1.

The dataset-level Subject Coherence is computed as the mean cosine similarity between consecutive embeddings of the
same tracked object, aggregated over all tracks, frames, and videos:

N R; T, —
1

1
Ssc(Y T 1 g](tz—r thl) 2)
g Jj=1 ] r=1"" t=1

Q
<.

where R; is the number of track IDs in video y; and 7. the number of frames where object r appears. A high Ssc score
reflects consistent and temporally stable object generation, indicating that the model preserves identity-related features despite
changes in position, viewpoint, or lighting. In contrast, a low score often signals flickering textures, shape distortions, or
identity switches between frames.

This metric thus serves as a sensitive indicator of temporal realism, distinguishing models that produce temporally coherent
scenes from those limited to frame-wise synthesis.

A.2.3. Implementation Details

We compute Subject Coherence using embeddings extracted from the Cross-Video RelD model of Zuo et al. [36]. Frames
are filtered using confidence thresholds of 0.25 for vehicles and 0.50 for pedestrians before similarity computation. The final
score is a combination of both sub-metrics.

A.2.4. Examples

Fig. II provides typical examples of videos with good and bad quality in terms of Subject Coherence.

A.2.5. Evaluation & Analysis
Tab. II provides the complete results of models in terms of Subject Coherence.

Table II. Complete comparisons among state-of-the-art driving world models in terms of Subject Coherence in WorldLens.

MagicDrive DreamForge DriveDreamer-2 OpenDWM  DiST-4D X-Scene Empirical

Ssol’) [ICLR’24] [arXiv'24] [AAAT25] [CVPR25]  [ICCV’25]  [NeurIPS’25] Max
Vehicle (1) 72.12% 72.00% 77.45% 82.03% 78.51% 74.02% 82.86%
Pedestrian () 79.78% 78.23% 80.48% 84.22% 80.20% 80.42% 83.25%
Total (1) 75.95% 75.12% 78.97% 83.13% 79.36% 77.22% 83.25%
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(a) Good example in the Subject Coherence dimension (Score: 95.19%)

(b) Bad example in the Subject Coherence dimension (Score: 54.69%)

(c) Good example in the Subject Coherence dimension (Score: 93.22%)

(d) Bad example in the Subject Coherence dimension (Score: 65.36%)

(e) Good example in the Subject Coherence dimension (Score: 91.53%)

(f) Bad example in the Subject Coherence dimension (Score: 66.79%)

Figure II. Examples of “good” and “bad” generation qualities in terms of Subject Coherence in WorldLens.



A.3. Subject Consistency

A.3.1. Definition

Subject Consistency measures the temporal stability of object-level semantics and structural details. It focuses on fine-grained
appearance and geometric regularity through DINO features [3], evaluating whether dynamic subjects maintain consistent
texture, shape, and spatial structure over time. High subject consistency indicates that the model preserves the semantic
identity and visual integrity of objects throughout motion, avoiding flickering or deformation.

A.3.2. Formulation

For each generated video y; = {yj(t)}f 1 and its paired ground-truth x; = {mgt)};ﬁ:l, we extract £y-normalized DINO

embeddings: g ( ) = ¢D1No(y](-t)), £ (bDINQ( (¢ )) and ||g(t)|| = Hf](t)||2 = 1, where ¢pino(+) denotes the frozen DINO
feature extractor To quantify temporal stability, We compute three complementary terms:

¢ Adjacent-Frame Smoothness:
_ 1 =L T (41
ACM(y)) = 5>, 8 &
which measures the average cosine similarity between consecutive frame embeddings.
¢ Temporal Jitter Index (TJI):

(t+1) (t) (t— 1)H

1 T-1 lg; " — 28, +8;
_ — t+1 t t—1
T =24 =2 L(|lgf*h — gy 1+ gl — gl V||) +

which measures normalized second-order fluctuations (lower is smoother).
¢ Motion-Rate Similarity (MRS):

TII(y,) =

T-1 | og Hg(t+1) (i)”2+5 |)
=1 Hf(tJrl) f(t) l2+e ’

MRS(y;, x;) = eXp( —8 ﬁ 2

which aligns the per-frame feature motion magnitude with that of the ground-truth sequence.

The overall Subject Consistency score integrates these terms:

ACM( ZJJ) 1/2
S =7, Z] T Ty RS0 )

A high Sgc score implies that object-level features evolve smoothly over time, maintaining consistent structural integrity.

A.3.3. Implementation Details

We extract frame-wise features using DINO ViT-B/16 [3]. These normalized embeddings are used to compute adjacent-frame
similarity, temporal jitter, and motion alignment against the corresponding ground-truth videos.

A.3.4. Examples
Fig. III provides typical examples of videos with good and bad quality in terms of Subject Consistency.

A.3.5. Evaluation & Analysis

Tab. III provides the complete results of models in terms of Subject Consistency.

Table III. Complete comparisons among state-of-the-art driving world models in terms of Subject Consistency in WorldLens.

MagicDrive DreamForge DriveDreamer-2 OpenDWM  DiST-4D X-Scene Empirical

Ssal) [ICLR"24] [arXiv'24] [AAAT'25] [CVPR'25]  [ICCV’25]  [NeurIPS’25] Max
ACM (1) 89.32% 91.72% 90.09% 92.21% 91.15% 90.72% 93.66%

TIL(T) 44.12% 43.32% 45.37% 44.95% 45.79% 43.41% 15.94%
Total (1) 65.22% 76.40% 74.49% 78.33% 74.69% 74.37% 93.66%




(a) Good example in the Subject Consistency dimension (Score: )

(c) Good example in the Subject Consistency dimension (Score: )

(d) Bad example in the Subject Consistency dimension (Score: 43.68%)

(e) Good example in the Subject Consistency dimension (Score: )

(f) Bad example in the Subject Consistency dimension (Score: 42.53%)

Figure III. Examples of “good” and “bad” generation qualities in terms of Subject Consistency in WorldLens.



A.4. Depth Discrepancy

A.4.1. Definition

Depth Discrepancy quantifies the temporal stability of depth representations inferred from generated video sequences. In
natural driving scenes, the apparent depth of foreground and background objects evolves smoothly with camera motion,
whereas inconsistent generation often introduces discontinuous jumps in predicted depth. This metric captures such in-
stability by measuring temporal variation in depth embeddings extracted from consecutive frames, providing a geometric
complement to perceptual fidelity metrics.

A.4.2. Formulation
For a generated video y; = {y§t) }_,, we estimate per-frame depth maps using a monocular depth estimator ¥/peptn ()

d) = v (3), ) e RV

Each depth map is RGB-encoded by a fixed colormap C and processed by a pretrained visual encoder ¢pino(+) to obtain
global embeddings:

f;t) = ¢pINO (C(d§t))) , f;t) e RP.

Temporal variation in depth representation is then measured by the mean L2 distance between consecutive embeddings:

T-1
1 1
DD(y;) = T_1 Z ||f](t) - f;H )||2 .
t=1

Finally, the dataset-level Depth Discrepancy can be calculated as follows:

g ;

N,
1 g
Spp(V) = - 2_DD(y;) 4)
Jj=1

Lower Spepth indicates smoother, more physically consistent depth evolution across time, reflecting stronger temporal geo-
metric stability in the generated videos.

A.4.3. Implementation Details

Depth maps for both generated and ground-truth videos are obtained using Video DepthAnything [4]. The predicted depths
are directly used to compute the per-frame depth discrepancy.

A.4.4. Examples
Fig. IV provides typical examples of videos with good and bad quality in terms of Depth Discrepancy.

A.4.5. Evaluation & Analysis
Tab. I'V provides the complete results of models in terms of Depth Discrepancy.

Table IV. Complete comparisons among state-of-the-art driving world models in terms of Depth Discrepancy in WorldLens.

Soo () MagicDrive DreamForge DriveDreamer-2 OpenDWM  DiST-4D X-Scene Empirical
bDb [ICLR’24] [arXiv'24] [AAAT25] [CVPR’25]  [ICCV’25]  [NeurIPS’25] Max

Total (}) |  24.19 19.27 17.73 18.17 17.71 2050 | 14.27
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(c) Good example in the Depth Discrepancy dimension (Score: )

(d) Bad example in the Depth Discrepancy dimension (Score: 33.65)

(e) Good example in the Depth Dtscrepancy dlmensmn (Score

(f) Bad example in the Depth Discrepancy dimension (Score: 19.34)

Figure IV. Examples of “good” and “bad” generation qualities in terms of Depth Discrepancy in WorldLens.



A.5. Temporal Consistency
A.5.1. Definition

Temporal Consistency quantifies the frame-to-frame stability of generated videos in a learned appearance space. Using a
frozen CLIP encoder ¢crip(-) [19], this metric captures whether visual representations evolve smoothly over time without
abrupt changes or flickering. It measures three complementary aspects: (1) adjacent-frame smoothness, (2) suppression of
high-frequency temporal jitter, and (3) alignment of motion magnitudes with real sequences. Together, these components
evaluate whether generated videos exhibit physically coherent and temporally realistic dynamics.

A.5.2. Formulation

For each generated video y; = {yj(-t)}tT:1 and its paired ground-truth z; = {x?)}le, we extract ¢o-normalized CLIP
embeddings as follows:

g =oour(s”). £ =ocue (). gl = 1672 = 1.

Follow the temporal statistics calculations in Subject Consistency (A.3), the adjacent-frame smoothness, jitter suppression,
and motion-rate alignment are applied in this CLIP space. Combining these components, the per-video score is defined as:

ACM(y;)

TC(y;) = ———=2_ MRS(y;, z;)"/?.
The dataset-level metric averages per-video scores:
1
Sre(Y) = 2 TCly)) 5)
Nq j=1

with e=107% and 3=0.5. By construction, ACM € [0, 1] and TJI>0.

A high Stc score indicates that appearance features change gradually across frames, producing smooth motion and
physically coherent dynamics. Low scores correspond to flickering, abrupt illumination shifts, or motion discontinuities.
This metric captures the degree to which generated sequences maintain continuity in both content and motion, serving as a
robust proxy for temporal realism in driving videos.

A.5.3. Implementation Details

Temporal Consistency is evaluated using frame-wise features from CLIP ViT-B/32 [19] with an input resolution of 224 x 224.
The normalized embeddings are used to derive adjacent-frame similarity, a temporal jitter index, and motion alignment
between generated and ground-truth videos.

A.5.4. Examples

Fig. V provides typical examples of videos with good and bad quality in terms of Temporal Consistency.

A.5.5. Evaluation & Analysis
Tab. V provides the complete results of models in terms of Temporal Consistency.

Table V. Complete comparisons among state-of-the-art driving world models in terms of Temporal Consistency in WorldLens.

MagicDrive DreamForge DriveDreamer-2 OpenDWM  DiST-4D X-Scene Empirical

Sre() [ICLR’24] [arXiv'24] [AAAT’25] [CVPR’25]  [ICCV’25]  [NeurIPS’25] Max
ACM (1) 91.43% 92.69% 93.65% 93.55% 92.27% 92.26% 93.24%

TIL (1) 43.31% 42.69% 44.19% 43.83% 44.22% 42.91% 45.87%
Total (1) 74.44% 79.82% 79.51% 79.63% 77.76% 79.41% 93.24%
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(a) Good example in the Temporal Consistency dimension (Score: )

(b) Bad example in the Temporal Consistency dimension (Score: 61.31%)

(c) Good example in the Temporal Consistency dimension (Score: )

(d) Bad example in the Temporal Consistency dimension (Score: 59.37%)

(e) Good example in the Temporal Consistency dimension (Score: )

(f) Bad example in the Temporal Consistency dimension (Score: 54.45%)

Figure V. Examples of “good” and “bad” generation qualities in terms of Temporal Consistency in WorldLens.
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A.6. Semantic Consistency

A.6.1. Definition

Semantic Consistency assesses the temporal stability of scene semantics in generated videos, ensuring that the underlying
segmentation layout evolves smoothly over time. Using a frozen semantic segmentation model ¢sgc (), this metric quantifies
how consistently pixel-wise labels, region structures, and global class distributions are preserved between consecutive frames.
High consistency implies temporally coherent scene semantics without class flicker or unstable object boundaries.

A.6.2. Formulation
For each generated video y; = {y§t)}tT:1, we obtain frame-wise segmentation masks: M;t) = QpSEc,(yj(-t)) €

{0,...,C—1}1>W Temporal semantic stability is quantified by three complementary components:
Label Flip Rate (LFR) measures how rarely interior pixels (after class-wise morphological erosion) change their semantic

label between consecutive frames. For class ¢, let Qgt) be the eroded interior region. The flip ratio is the fraction of pixels in
Qg) whose labels differ in M ;Hl). The per-video LFR score averages these values across classes and time, then normalizes:

T-1 5.5 UM (p)#d]
SLFR(?JJ T—1 Z EQZ e

Segment Association Consistency (SAC) measures how consistently connected semantic regions persist over time. For
each class ¢, connected components in M j(t) and M ;Hl) are matched by Hungarian assignment over IoU. The score is the
pixel-weighted mean IoU of the matched region pairs:

/
Ssac(;) ZT 13, Z(R,R/)eﬂé” |R|-IoU(R,R")
SAC\Yj T 1 D ZRER<.t) [R| )

where 7r( ) is the optimal region matching.
Class Distribution Stability (CDS) compares frame-level class histograms. Let p(*) be the normalized histogram of frame
t. Global distribution shift is quantified by the Jensen—Shannon divergence:

SCDs(yJ 71 Z JSD( ||p(t+1 ) .

Each component is normalized to [0, 1]. The final Semantic Consistency score is a weighted combination:

1 Ny
Ssemc(Y) = N, Zj:l [w1SLFr (¥5) + waSsac(y;) + wsScps (y;)] (6)

with (wy,ws,wz) = (0.5,0.4,0.1). A high Sgemc score signifies that drivable areas, lane boundaries, and object classes
remain stable under temporal changes.

A.6.3. Implementation Details

We obtain frame-wise semantic maps using the panoptic segmentation model from OpenSeeD [33]. The predicted segments
are then converted to label masks via a fixed color palette and used to compute the temporal semantic consistency score.

A.6.4. Examples
Fig. VI provides typical examples of videos with good and bad quality in terms of Semantic Consistency.

A.6.5. Evaluation & Analysis
Tab. VI provides the complete results of models in terms of Semantic Consistency.

Table VI. Complete comparisons among state-of-the-art driving world models in terms of Semantic Consistency in WorldLens.

MagicDrive DreamForge DriveDreamer-2 OpenDWM  DiST-4D X-Scene Empirical

Ssemc(*) [ICLR’24] [arXiv'24] [AAAT'25] [CVPR'25]  [ICCV'25] [NeurIPS'25] Max
Label Flip Rate (LFR, 1) 85.48% 89.15% 89.59% 88.09% 88.46% 87.92% 90.39%
Segmentation Association (SAC, 1) 75.57% 80.85% 82.21% 79.94% 80.13% 79.54% 82.48%
Distribution Stability (CDS, 1) 96.40% 97.31% 97.05% 96.86% 97.00% 96.95% 97.89%
Total (1) 80.63% 84.99% 85.91% 84.08% 84.32% 83.80% 86.39%

12



(a) Good example in the Semantic Consistency dimension (Score: )

(b) Bad example in the Semantic Consistency dimension (Score: 74.70%)

=

(c) Good example in the Semantic Consistency dimension (Score: )

(d) Bad example in the Semantic Consistency dimension (Score: 70.14%)

(e) Good example in the Semantzc Conststency d1men510n (Score

(f) Bad example in the Semantic Consistency dimension (Score: 61.82%)

Figure VI. Examples of “good” and “bad” generation qualities in terms of Semantic Consistency in WorldLens.
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A.7. Perceptual Discrepancy

A.7.1. Definition

Perceptual Discrepancy evaluates how closely the distribution of generated videos matches that of real ones in a learned
video, semantic feature space, typically extracted by a pretrained I3D network [24] trained on Kinetics [13].

This metric captures both appearance realism and short-range temporal dynamics beyond framewise image-based metrics
(e.g., FID), thus reflecting the overall perceptual quality of the synthesized sequences. It is reported as a single scalar, where
a lower score indicates higher perceptual similarity to real videos.

A.7.2. Formulation

Let the real and generated video sets be X = {z;}7, and V) = {y; };v:gl Each video is encoded into a d-dimensional feature
vector using a fixed video encoder ¢pp:

fi = ¢opp (i), g; = ¢pp(Y;)-

Let (pt,, ;) and (p,, 3) be the empirical means and covariances of the feature sets {f;} and {g; }, respectively. Following
the Fréchet formulation, the Perceptual Fidelity score (equivalent to the Fréchet Video Distance, FVD) is defined as follows:

Sep(X,Y) = |ty — a2 + Tr(zx +3, - 2(2i/2292i/2)1/2) 7

A lower Spp indicates that the generated distribution ) is perceptually closer to the real distribution X’

Perceptual Discrepancy serves as a global perceptual indicator of visual and temporal realism. By comparing distributions
in a semantically informed video embedding space, it evaluates not only static appearance but also dynamic motion smooth-
ness and coherence. A low score indicates that the generative model produces sequences with authentic spatial structures,
plausible dynamics, and consistent motion statistics, while a high score reveals perceptual drift or domain mismatch.

This metric thus complements fine-grained evaluations by providing an overarching measure of distributional fidelity in
world-model generation.
A.7.3. Implementation Details

Perceptual Discrepancy is measured using Fréchet Video Distance (FVD). We extract video features with a pretrained 13D
model [24] (Kinetics-400 [13]) following the VideoGPT [30] protocol, and compute FVD between ground-truth and gener-
ated feature distributions.

A.7.4. Examples

Fig. VII provides typical examples of videos with good and bad quality in terms of Perceptual Discrepancy.

A.7.5. Evaluation & Analysis

Tab. VII provides the complete results of models in terms of Perceptual Discrepancy.

Table VII. Complete comparisons among state-of-the-art driving world models in terms of Perceptual Discrepancy in WorldLens.

MagicDrive DreamForge DriveDreamer-2 OpenDWM  DiST-4D X-Scene Empirical
[ICLR’24] [arXiv’24] [AAAT25] [CVPR’25]  [ICCV’25] [NeurIPS’25] Max

Total ({) ‘ 222.00 189.76 127.07 90.42 58.08 179.74 ‘

Spp(+)

14
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(f) Bad example in the Perceptual Discrepancy dimension

Figure VII. Examples of “good” and “bad” generation qualities in terms of Perceptual Discrepancy in WorldLens.
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A.8. Cross-View Consistency

A.8.1. Definition

Cross-View Consistency evaluates the geometric and photometric coherence across overlapping regions between adjacent
camera views in a multi-view driving scene. A spatially consistent generation should ensure that content observed from
different cameras remains structurally aligned and visually coherent, faithfully representing the same physical world from
multiple perspectives. This property is critical for autonomous driving, as consistent multi-view generation reflects an accu-
rate understanding of shared 3D geometry and scene semantics.

We quantify this consistency by computing the mean accumulated confidence of feature correspondences between over-
lapping edge regions of adjacent camera pairs using a pretrained local feature matcher. Higher confidence indicates better
geometric and appearance alignment across views.

A.8.2. Formulation

For each generated scene y; € ) with N, synchronized views and T' frames, a frozen LoFTR matcher 1/1,,rTr produces

M (b) correspondences with confidence c( ) € [0, 1] between every adjacent camera pair (a,b) € P at frame t. The overall
Cross-View Consistency score averages all confidences across pairs, frames, and videos:

7 MY

Scve(Y) N\P\ Z > ZZc ®)

Jj= l(ab)EPt 1m=1

Higher Scvc indicates stronger geometric and appearance alignment between adjacent camera views.

A high Cross-View Consistency score signifies that the generated multi-view scene maintains coherent 3D geometry and
visual appearance across cameras, implying stable spatial reasoning and accurate scene composition. Conversely, low scores
reveal misalignments such as perspective drift, inconsistent object boundaries, or mismatched illumination across views.

This metric thus serves as a key indicator of multi-camera integrity, linking the generative model’s visual realism to its
geometric understanding of the physical world.
A.8.3. Implementation Details

The Cross-View Consistency score is computed by extracting frame-wise sparse correspondences using the pretrained LoFTR
local feature matcher [23]. Matched keypoints across views are used to assess geometric alignment between generated and
ground-truth videos.

A.8.4. Examples

Fig. VIII provides typical examples of videos with good and bad quality in terms of Cross-View Consistency.

A.8.5. Evaluation & Analysis

Tab. VIII provides the complete results of models in terms of Cross-View Consistency.

Table VIII. Complete comparisons among state-of-the-art driving world models in terms of Cross-View Consistency in WorldLens.

S () MagicDrive DreamForge DriveDreamer-2 OpenDWM  DiST-4D X-Scene Empirical
cvel

[ICLR’24] [arXiv’24] [AAAT’25] [CVPR’25] [ICCV’25]  [NeurIPS’25] Max
VC Score (1) 68.23 72.08 124.51 78.81 184.65 74.97 319.73
VC Match (1) 185.77 194.99 302.83 211.18 389.78 201.00 570.75
Total (1) 0.3665 0.3686 0.4065 0.3720 0.4574 0.3721 0.5420
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(c) Bad example in the Cross-View Consistency dimension (Score: 0.26)

Figure VIII. Examples of “good” and “bad” generation qualities in terms of Cross-View Consistency in WorldLens.
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B. Aspect 2: Reconstruction

This aspect assesses the reconstructability of generated videos, how accurately a consistent 4D scene can be recovered from
synthesized frames. Given a reconstructed neural 4D representation built from each generated video, we evaluate both its
internal fidelity and its rendering performance from novel viewpoints. A high-quality generation should preserve temporally
coherent geometry, appearance, and illumination that jointly support faithful 4D reconstruction. To this end, we employ a
differentiable 4D reconstruction algorithm that optimizes scene geometry and radiance from the generated sequences, then
re-renders the reconstructed model under both original and unseen camera poses.

B.1. Photometric Discrepancy
B.1.1. Definition

Photometric Discrepancy quantifies how accurately the 4D scene reconstructed from a generated video can reproduce its ob-
served frames. Each generated sequence is first converted into a neural radiance field using a differentiable 4D reconstruction
pipeline based on recent neural rendering frameworks such as 4D Gaussian Splatting or NeRF-based [17] video reconstruc-
tion. The reconstructed model is then re-rendered from the same camera poses as the input frames, and pixel-wise fidelity
is evaluated using standard image quality metrics such as PSNR, SSIM [26] and LPIPS [34]. High photometric accuracy
indicates that the generated frames exhibit temporally consistent appearance, lighting, and reflectance properties, supporting
reliable inverse reconstruction into a coherent 4D radiance representation.

B.1.2. Formulation
Let ¢Yrrc(+) denote the 4D reconstruction function that produces a radiance field ﬁj from a generated video ;. Rendering
this field at the input camera poses yields re-rendered frames: y](.t) = Render (ﬁj, Pose(t)), where Pose(?) is the camera

pose of frame ¢. Photometric fidelity is measured by the mean Learned Perceptual Image Patch Similarity (LPIPS) between
the reconstructed and original frames:

Ny T
Spnor(V) = Nj = Zl 2 Lrips(i1, ") ©)
j: t=

Higher Sppor indicates that the reconstructed radiance fields preserve fine-grained appearance details consistent with the
generated frames.

B.1.3. Implementation Details

We follow the OmniRe [5] preprocessing pipeline and default configuration on nuScenes [2], using the same 6-camera setup.
Each generated clip is treated as a short multi-view sequence (12 Hz, 16 frames per camera at 544 x304 resolution). For
each clip, we optimize a single 4D Gaussian field for 30k steps, adopting OmniRe’s static- and dynamic-node Gaussian
initializations [5] as well as its batch size, ray-sampling strategy, loss weights, and learning-rate schedule. After training, we
render all training views and evaluate PSNR, SSIM, and LPIPS averaged over all frames and cameras.

B.1.4. Examples

Fig. IX provides typical examples of videos with good and bad quality in terms of Photometric Discrepancy.

B.1.5. Evaluation & Analysis

Tab. [X provides the complete results of models in terms of Photometric Discrepancy.

Table IX. Complete comparisons among state-of-the-art driving world models in terms of Photometric Discrepancy in WorldLens.

MagicDrive DreamForge DriveDreamer-2 OpenDWM  DiST-4D X-Scene Empirical

SPhoF () [ICLR’24] [arXiv’24] [AAAT’25] [CVPR’25] [ICCV’25]  [NeurIPS’25] Max
PSNR (1) 28.44 29.11 33.15 33.21 32.89 31.25 34.31
SSIM (1) 0.887 0.917 0.946 0.950 0.948 0.926 -
LPIPS ({) 0.140 0.097 0.093 0.065 0.066 0.098 0.056
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(f) Bad example in the Photometric Discrepancy dimension (Score: 0.123)

Figure IX. Examples of “good” and “bad” reconstruction qualities in terms of Photometric Discrepancy in WorldLens.
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B.2. Geometric Discrepancy

B.2.1. Definition

Geometric Discrepancy evaluates how faithfully the geometry encoded in a generated video can be recovered after recon-
struction. For each generated video and its paired ground truth, we reconstruct two 4DGS models using identical camera
poses and training parameters, then render per-frame depth maps for both reconstructions. Depth consistency is measured
using the Absolute Relative Error (AbsRel) computed on regions defined by Grounded-SAM 2 [20] masks that isolate road
surfaces and foreground objects. Lower values indicate that the reconstructed geometry from the generated video closely
matches the ground-truth scene.

B.2.2. Formulation

Let ¢rpc(-) denote the 4D reconstruction function. For each generated video y; and ground truth z;, we obtain two recon-

structed fields R; = ¢rrc(y;) and 7@? = reEc(z;). At each training pose Pose(t), the corresponding depth maps are
rendered as: . ) .
D§t) = RenderDepth (Rj, Pose(t)) , th(t) = RenderDepth (R%t, Pose(t)) )

Let M ](t) be the Grounded-SAM 2 mask selecting conditioned pixels. The overall Geometric Accuracy score averages the
masked AbsRel error over all frames and videos:

Ng T () gt(t)
1 1 |D” (p) — D" (p)|
SGeoA(y) = E E § ! 4 (10)
NyT j=1t=1 \Mﬁt)\ peM® D]gt(t) (p)

Lower Sgeoa indicates that the reconstructed geometry from generated videos is more consistent with the ground-truth scene
structure.

B.2.3. Implementation Details

This aspect shares the same training setup as the photometric discrepancy. The main difference is in the rendering and metric
computation. For each clip, we render per-pixel depth from the learned 4D Gaussian field for all training views using the
default Gaussian rasterizer (GSplat [32]) as OmniRe [5], configured in the “RGB+ED” mode that outputs both color and
Euclidean depth along each camera ray. To obtain fair and semantically meaningful depth metrics, we construct evaluation
masks from ground-truth images using Grounded SAM 2 [20], extracting the union of the road and vehicle regions. Depth
errors, e.g., Abs Rel and Root Mean Squared Error (RMSE), are then computed only within these masked pixels by comparing
with the depth rendered by the GT-trained Gaussian field. We also report the threshold accuracy metrics (1, d2, d3). Per-clip
scores are obtained by averaging over all frames and cameras of the clip.

B.2.4. Example

Fig. X provides typical examples of videos with good and bad quality in terms of Geometric Discrepancy.

B.2.5. Evaluation & Analysis
Tab. X provides the complete results of models in terms of Geometric Discrepancy.

Table X. Complete comparisons among state-of-the-art driving world models in terms of Geometric Discrepancy in WorldLens.

S MagicDrive DreamForge DriveDreamer-2 OpenDWM  DiST-4D X-Scene Empirical
Geoa (") [ICLR’24] [arXiv'24] [AAAI'25] [CVPR’25]  [ICCV’25]  [NeurIPS’25] Max
RMSE () 4.116 4.166 2.869 3.130 2.969 3.594 -
Abs Rel (}) 0.115 0.105 0.073 0.088 0.080 0.096 -
o1 () 0.856 0.874 0.923 0.914 0.910 0.889 -
d2 (1) 0.925 0.940 0.968 0.961 0.962 0.946 -
ds (1) 0.953 0.966 0.983 0.978 0.981 0.969 -
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(f) Bad example in the Geometric Discrepancy dimension (Score: 0.097)

Figure X. Examples of “good” and “bad” reconstruction qualities in terms of Geometric Discrepancy in WorldLens.
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B.3. Novel-View Quality

B.3.1. Definition

Novel View Quality (NVQ) assesses the perceptual quality of rendered frames from unseen camera trajectories, comple-
menting Novel View Fidelity by focusing on frame-level realism rather than distributional similarity. For each novel-view
trajectory, we render novel-view videos from reconstructed radiance fields and evaluate the perceptual quality of each frame
using the pretrained MUSIQ model [14]. A higher NVQ indicates that the rendered views exhibit sharper, more natural, and
artifact-free visual details from unseen viewpoints.

Three novel-view trajectories are considered: front_center_interp smoothly interpolates along the original front-
center (ID 0) camera path by selecting four key poses at indices 0, | N/4], | N/2], and |[3N/4], and generating intermediate
4x4 poses through linear translation and spherical linear interpolation (Slerp) of orientations. s_curve constructs an S-
shaped trajectory by traversing five key poses from front-left (ID 1), front-center (ID 0), and front-right (ID 2) cameras, at
indices (0), |[N/4], | N/2], |[3N/4], and (N—1), yielding a smooth left—center-right—center motion. lateral offset
generates a parallel-view sequence by shifting each front-camera pose (ID 0) laterally by a fixed offset distance along its
local 4+ axis while preserving orientation, followed by temporal resampling through linear and Slerp interpolation. All
trajectories are resampled to a fixed target length.

B.3.2. Formulation

Given the re-rendered novel-view videos y; = {Render(R;, Pose*(t))}~_, under any of the novel-view settings, we com-

pute frame-level perceptual quality scores via the pretrained image-quality assessor ¢nusiq(+)-

Each frame receives a quality score q§t) = (;SMUSIQ(yf(t)), and the overall dataset-level Novel View Quality is obtained

by averaging across all frames and videos:

Ny

1
Swa) = 57 2. 24" an
g

j=1t=1

Higher Snvq indicates better perceptual quality of novel-view renderings, reflecting sharper appearance, fewer artifacts, and
more realistic content across unseen trajectories.

B.3.3. Implementation Details

We render videos from four novel viewpoints using the Gaussian Fields trained by each world model, following the definition
provided in Section B.3.1, where the lateral offset is set to 1 m. Novel-view image quality is assessed using the pretrained
MUSIQ model [14]. Each rendered novel-view video is processed frame-by-frame (resized to a maximum spatial dimension
of 512 pixels), and the MUSIQ scores are averaged across all frames and videos within each view condition.

B.3.4. Examples
Fig. XI provides typical examples of videos with good and bad quality in terms of Novel-View Quality.

B.3.5. Evaluation & Analysis
Tab. XI provides the complete results of models in terms of Novel-View Quality.

Table XI. Complete comparisons among state-of-the-art driving world models in terms of Novel-View Quality in WorldLens.

S MagicDrive DreamForge DriveDreamer-2 OpenDWM  DiST-4D X-Scene Empirical
NVQ(.) [ICLR’24] [arXiv’'24] [AAAT’25] [CVPR’25] [ICCV’25] [NeurIPS’25] Max
Center Interpolation (1) 39.31% 42.66% 37.40% 40.71% 44.67% 38.11% -
S-Curve (1) 39.67% 41.57% 35.15% 38.99% 42.64% 38.07% -
Left Lateral Offset (1) 40.28% 40.56% 36.03% 39.20% 42.64% 38.25% -
Right Lateral Offset (1) 40.02% 40.14% 35.82% 39.24% 42.42% 37.74% =
Average (1) 39.82% 41.23% 36.10% 39.54% 43.09% 38.04% =
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(b) Bad example in the Novel-View Quality dimension (Score: 22.77%)
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(c) Good example in the Novel-View Quality dimension (Score: 18.68%)
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(f) Bad example in the Novel-View Quality dimension (Score: 28.12%)

Figure XI. Examples of “good” and “bad” reconstruction qualities in terms of Novel-View Quality in WorldLens.
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B.4. Novel-View Discrepancy

B.4.1. Definition

Novel-View Discrepancy measures the perceptual realism of newly rendered videos under unseen camera trajectories recon-
structed from generated scenes.

Given the reconstructed neural radiance field of each generated video, we render novel-view sequences at held-out camera
poses and compare them against ground-truth novel-view renderings of the corresponding real scenes.
B.4.2. Formulation

Let 7A€j and 7@? denote the reconstructed radiance fields from the generated and ground-truth videos, respectively. Rendering
each field along a novel trajectory {Pose* (¢)}7_; yields two new video sequences:

y; = {Render(R;, Pose™ ()}, , (12
xy = {Render(?éft, Pose™(t))}i_; - (13

We compute the Fréchet Video Distance (FVD) between the distributions of generated and ground-truth novel-view videos
using Eq. Equation 7, where the feature extractor ¢pr (I3D on Kinetics) remains the same.

The dataset-level Novel View Fidelity is thus defined as:

Snvp (V) = Ser ({77}, {1} }) (14)

Lower Sxvp indicates higher perceptual fidelity of the reconstructed scenes when viewed from unseen camera trajectories.

B.4.3. Implementation Details

The selection of novel viewpoints and the rendering configurations are kept consistent with those in Section B.3. For Novel-
View Discrepancy, the calculation process follows the same setting of Section A.7.

B.4.4. Example

Fig. XII provides typical examples of videos with good and bad quality in terms of Novel-View Discrepancy.

B.4.5. Evaluation & Analysis
Tab. XII provides the complete results of models in terms of Novel-View Discrepancy.

Table XII. Complete comparisons among state-of-the-art driving world models in terms of Novel-View Discrepancy in WorldLens.

S MagicDrive DreamForge DriveDreamer-2 OpenDWM  DiST-4D X-Scene Empirical
NVD(-) [ICLR’24] [arXiv’'24] [AAAT’25] [CVPR’25] [ICCV’25]  [NeurIPS’25] Max
Center Interpolation ({) 448.62 403.47 259.96 339.85 190.17 376.67 -
S-Curve () 281.91 171.93 132.68 159.84 96.90 219.89 -
Left Lateral Offset () 492.97 400.68 326.95 318.26 237.08 435.50 -
Right Lateral Offset () 485.70 414.72 320.05 332.97 245.42 430.78 -
Average () 427.30 347.70 259.91 287.73 192.39 365.71 -
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(f) Bad example in the Novel-View Discrepancy dimension

Figure XII. Examples of “good” and “bad” reconstruction qualities in terms of Novel-View Discrepancy in WorldLens.
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C. Aspect 3: Action-Following

In this section, we evaluate the Action-Following capability of driving world models, which reflects how well the generated
videos preserve the functional cues necessary for downstream decision-making and control. Here, we assess the functional
alignment between generated content and real-world driving behavior. Specifically, we examine how the visual information
synthesized influences an end-to-end planning agent in both open-loop and closed-loop simulation settings. A model with
strong action-following ability should not only generate visually convincing scenes but also guide a pretrained planner to
produce trajectories and control actions that are consistent with those derived from real-world videos.

C.1. Displacement Error
C.1.1. Definition

Displacement Error (L2) evaluates the functional consistency of generated videos on the downstream task of motion planning.
Instead of measuring perceptual realism or pixel-level accuracy, this metric assesses whether a generated video can serve as
a reliable input for an end-to-end planner. It measures how closely the predicted trajectory inferred from a generated video
aligns with the trajectory predicted from the corresponding ground-truth video. A lower displacement error indicates that the
generated sequence preserves the semantic and motion cues necessary for robust trajectory forecasting, demonstrating that it
is not only visually plausible but also functionally faithful to real-world driving dynamics.

C.1.2. Formulation

We employ a pretrained end-to-end planning network ©p)., (+) to predict trajectories from both generated and ground-truth
videos. Given paired sequences y; and x;, the model produces corresponding planned trajectories

gen = wPlan(y]) ’f_]gt = 'll)Plan(xj)a

where each trajectory 7 € R7»*2 contains 7}, future waypoints in 2D ground-plane coordinates. The Displacement Error is
computed as the mean L2 distance between corresponding waypoints:

Ny

o3

15)

Spe(Y J J )Hz

Nng

-
Il

j=1 1

Lower Spg indicates that the generated videos induce planning behaviors that are more consistent with those derived from
real-world observations, reflecting higher functional fidelity.

C.1.3. Implementation Details

We conduct the Displacement Error evaluation on the official nuScenes validation set, which consists of 150 diverse driving
scenes. For each test case, the driving world model generates a video sequence conditioned on the initial context. These
synthesized videos are then used as input for UniAD [12], a state-of-the-art end-to-end planning network, to infer future ego-
motion trajectories. Following the standard protocol, we extract the planned trajectory for a horizon of 1 second (covering
the immediate future waypoints). The Displacement Error is calculated as the L2 distance between the trajectory predicted
from the generated video and the trajectory predicted from the ground-truth video. This metric strictly isolates the impact of
visual generation quality on downstream perception and planning accuracy in an open-loop setting.

C.1.4. Examples

Fig. XIII provides typical examples of videos with good and bad quality in terms of Displacement Error.

C.1.5. Evaluation & Analysis
Tab. XIII provides the complete results of models in terms of Displacement Error.

Table XIII. Complete comparisons among state-of-the-art driving world models in terms of Displacement Error in WorldLens.

MagicDrive DreamForge Panacea DrivingSphere MagicDrive-V2 RLGF Empirical

Soe() [ICLR’24] [arXiv’24] [CVPR’24] [CVPR’25] [ICCV’25] [NeurIPS’25] Max

Total (]) ‘ 0.57 0.57 0.58 0.55 0.54 0.53 ‘ 0.51
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(c) Bad example in the Displacement Error dimension (Score: 0.71)

Figure XIII. Examples of “good” and “bad” action-following performances in terms of Displacement Error in WorldLens.
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C.2. Open-Loop Adherence

C.2.1. Definition

Open-Loop Adherence evaluates the functional reliability of generated videos by measuring how well an end-to-end driving
policy can perform when operating on the generated visual input in a non-reactive simulation environment. Following
NAVSIM [7], we use the Predictive Driver Model Score (PDMS) to quantify adherence between the policy behavior induced
by generated videos and that observed under real data.

The PDMS aggregates multiple sub-scores related to safety, progress, and comfort within a short open-loop simulation
horizon, providing a more realistic proxy to closed-loop evaluation than traditional displacement metrics.

C.2.2. Formulation

Given a pretrained planner ¥pian(-) and its predicted trajectory 7; from a generated video y;, we simulate the resulting ego-
vehicle motion over a fixed horizon (e.g., 4 8) in a non-reactive setting where other agents follow their recorded trajectories.
At each timestep, sub-scores are computed for: no collision (NC), drivable-area compliance (DAC), ego progress (EP), time-
to-collision (TTC), and comfort (C). Penalties (NC, DAC) suppress inadmissible behaviors, while the remaining terms are
averaged with fixed weights. The PDMS is defined as:

PDMS =

)

Zwe{ERTTC’C} weight,, score,,
H score,, | -

me{NC,DAC} ZU)E{EP,TTC,C} Welghtw

with default weights weightpp=weight =5 and weight-=2 as in [7]. We report the dataset-level score as the mean
PDMS across all evaluated videos:

N
1 g

Spoms(V) = > PDMS(y;) (16)
g j=1

Higher Sppys indicates stronger alignment between generated and real scenes in terms of functional driving behavior.

C.2.3. Implementation Details

We support two map environments, singapore-onenorth and boston-seaport, aligned with the DriveArena platform [31]. A
total of five simulation sequences are defined for validation, enabling the evaluation of driving agents in both open-loop and
closed-loop modes.

In our implementation, the traffic flow engine [28] operates at a frequency of 10 Hz, while the control signals are set to 2
Hz. Every 0.5 simulation seconds, the 2D traffic flow engine updates its state and renders multi-view layouts as conditions
for the video generation model. Video generation models use the last 3 frames as reference images to generate 448 x 800
images, which are subsequently resized to 224 x 400 to serve as input for the driving agent.

C.2.4. Examples
Fig. XIV provides typical examples of videos with good and bad quality in terms of Open-Loop Adherence.

C.2.5. Evaluation & Analysis
Tab. XIV provides the complete results of models in terms of Open-Loop Adherence.

Table XIV. Complete comparisons among state-of-the-art driving world models in terms of Open-Loop Adherence in WorldLens.

S MagicDrive DreamForge DrivingSphere MagicDrive-V2 RLGF Empirical
powmis (") [ICLR’24] [arXiv'24] [CVPR’25] [ICCV’25] [NeurIPS’25] Max

No Collision (NC, 1) 0.885 0.915 0.932 0.968 0.975 -
Compliance (DAC, 1) 0.955 0.970 0.978 0.985 0.988 -
Ego Progress (EP, 1) 0.825 0.832 0.835 0.842 0.838 -
Time-to-Collision (TTC, 1) 0.840 0.855 0.860 0.865 0.850 -
Comfort (C, 1) 0.815 0.825 0.830 0.835 0.828 -
Total (1) 0.712 0.755 0.760 0.789 0.784 -
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(d) Bad example in the Open-Loop Adherence dimension (Score: 0.621)

Figure XIV. Examples of “good” and “bad” action-following performances in terms of Open-Loop Adherence in WorldLens.
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C.3. Route Completion

C.3.1. Definition

Route Completion (RC) measures the ability of an autonomous driving agent to complete a predefined navigation route in
closed-loop simulation. It quantifies the percentage of the total planned route distance successfully traveled by the ego agent
before simulation termination (e.g., collision, off-road, or timeout). Higher RC values indicate better long-horizon stability
and control consistency, reflecting how well the generated video enables the policy to sustain safe driving behavior throughout
the route.

C.3.2. Formulation

Let Dyqta1 denote the total length of the planned route, and Dcompletea the distance actually traveled by the ego agent before
termination. Following [7, 31], Route Completion is defined as the ratio between the completed and total distances:

Dcompleted
RC= ———.
Dtotal

We report the dataset-level metric as the mean RC across all evaluated closed-loop rollouts:

N
1
Src (Y =W, 2 (17)

Higher Sy indicates that the generated scenes enable the planner to complete longer portions of the route, implying greater
action stability and environmental consistency.

C.3.3. Implementation Details

Different from the open-loop evaluation (Displacement Error), both Route Completion and Closed-Loop Adherence are
evaluated in a fully reactive closed-loop mode. In this setting, the ego-vehicle’s trajectory is not determined by pre-recorded
logs but is driven by the agent’s decisions.

Specifically, the planning agent processes the video generated by the world model, outputs a control signal, and this signal
updates the ego-vehicle’s state within the simulator.

The world model then generates the next frame based on this new state, creating a continuous feedback loop. A simulation
episode continues until one of the following termination criteria is met:

1. Completion: The agent successfully reaches the destination and finishes the predefined route.
2. Failure: The simulation is terminated early due to safety-critical infractions, specifically collision with other objects or
driving off-road (exiting the drivable area).

This setup evaluates the ability of the generative driving world model to support long-horizon consistency and error-free
decision-making.

C.3.4. Examples
Fig. XV provides typical examples of videos with good and bad quality in terms of Route Completion.

C.3.5. Evaluation & Analysis
Tab. XV provides the complete results of models in terms of Route Completion.

Table XV. Complete comparisons among state-of-the-art driving world models in terms of Route Completion in WorldLens

MagicDrive DreamForge Panacea DrivingSphere MagicDrive-V2 RLGF Empirical

SRC(.) [ICLR’24] [arXiv’'24] [CVPR’24] [CVPR’25] [ICCV’25] [NeurIPS’25] Max

Total (1) |  6.89% 10.23% - 11.02% 12.31% 1351% | -
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(b) Bad example in the Route Completion dimension (Score: 11.2%)

Figure XV. Examples of “good” and “bad” action-following performances in terms of Route Completion in WorldLens.
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C.4. Closed-Loop Adherence

C.4.1. Definition

Closed-Loop Adherence measures the overall driving performance of an autonomous agent in a closed-loop simulation. It is
represented by the Arena Driving Score (ADS) [31], which jointly accounts for both driving quality and task completion.

While the PDMS score reflects the safety, comfort, and stability of the predicted trajectory, the Route Completion (RC)
measures how much of the planned route is successfully finished without failure. The multiplicative formulation ensures that
an agent must be both competent (high PDMS) and consistent (high RC) to achieve a strong overall score. Agents that drive
perfectly but crash early, or complete the route with poor motion quality, will both be penalized accordingly.

C.4.2. Formulation

Given the PDMS and RC metrics defined in Equation C.2.2 and Equation C.3.2, the Arena Driving Score is computed as
follows:
ADS = RC x PDMS,

where RC € [0, 1] denotes route completion. For a dataset of generated videos ), the final closed-loop adherence is reported
as the mean ADS across all evaluated driving episodes:

N,
1 g
Saps(¥) = 5+ > ADS(y;) (18)
gj:l

Higher Sapg indicates that the generated videos yield planners capable of both safe and complete driving behavior in closed-
loop simulation.

C.4.3. Implementation Details

Closed-Loop Adherence shares the same experiment environment with Route Completion. The implementation details can
be found in Section C.3.

C.4.4. Examples
Fig. X VI provides typical examples of videos with good and bad quality in terms of Closed-Loop Adherence.

C.4.5. Evaluation & Analysis
Tab. X VI provides the complete results of models in terms of Closed-Loop Adherence.

Table XVI. Complete comparisons among state-of-the-art driving world models in terms of Closed-Loop Adherence in WorldLens.

MagicDrive DreamForge DrivingSphere MagicDrive-V2 RLGF Empirical

SADS(') [ICLR’24] [arXiv'24] [CVPR’25] [ICCV’25] [NeurIPS’25] Max
No Collision (NC, 1) 0.815 0.855 0.858 0.885 0.912 -
Compliance (DAC, 1) 0.910 0.930 0.935 0.948 0.965 -
Ego Progress (EP, 1) 0.712 0.740 0.745 0.770 0.985 -
Time-to-Collision (TTC, 1) 0.745 0.765 0.772 0.795 0.905 -
Comfort (C, 1) 0.720 0.745 0.750 0.765 0.850 -
Route Completion (RC, 1) 0.068 0.102 0.110 0.123 0.135 -
Total (1) 0.048 0.077 0.083 0.095 0.106 -
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Figure XVI. Examples of “good” and “bad” action-following performances in terms of Closed-Loop Adherence in WorldLens.
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D. Aspect 4: Downstream Task

In this section, we evaluate the downstream task utility of generated driving videos by assessing how well pretrained
perception models perform when applied to synthetic data. Rather than measuring visual realism or temporal stability directly,
this aspect examines whether a generative world model can produce data that is useful for real-world perception tasks.
Specifically, we test four representative downstream tasks that span spatial understanding, object reasoning, and 3D scene
interpretation. For each task, a perception model is pretrained on the corresponding ground-truth dataset and then evaluated
on videos generated by the world model. Performance degradation relative to the ground-truth domain reflects the distribution
gap introduced by generation. Thus, the closer the downstream performance on generated data is to that on real data, the
higher the overall quality, realism, and utility of the generative model.

D.1. Map Segmentation

D.1.1. Definition

BEV (Bird’s-Eye-View) Map Segmentation evaluates whether individual generated frames contain sufficient spatial and se-
mantic cues for top-down mapping. A pretrained perception network ¥y (+) takes each generated frame yﬁt) as input and
predicts a BEV semantic map, which is compared with the corresponding ground-truth annotation using mean Intersection-
over-Union (mloU). Higher scores indicate that the generated frames preserve structural layout and scene semantics con-
ducive to reliable map inference.

D.1.2. Formulation

For each generated frame y<t), the pretrained model predicts a BEV map: B](t) = wBEV(yﬁt)) and B;t) €

{0,...,Cpgy—1}He>Wo and Bft(t) denotes the corresponding ground-truth BEV annotation. The per-frame mean IoU
is computed as:
Cony |B§t,c) N ngt(t,c)‘

=1 |B§t’c) U ngt(t70)‘ ’

1
51(3%\/(93‘) = Z

Cerv

The dataset-level Map Segmentation score averages over all frames and videos, that is:

L e e )
Sseg (V) = N,T ijl >, Soev(i) (19)

where Cgy is the number of BEV categories and (Hy, W},) the BEV map resolution. Higher Ss., indicates that generated
frames enable accurate BEV map prediction consistent with real scenes.

D.1.3. Implementation Details

For Map Segmentation, we employ the pretrained BEVFusion multi-task model of Liu et al. [16], using its camera-only
configuration with a ResNet-101 [11] backbone and BEVFormer encoder. The model predicts BEV semantic maps on a
150 x 150 grid covering a [—30, 30] x [—15, 15] m region, which are used for mIoU evaluation.

D.1.4. Examples
Fig. XVII provides typical examples of videos with good and bad quality in terms of Map Segmentation.

D.1.5. Evaluation & Analysis

Tab. X VII provides the complete results of models in terms of Map Segmentation.

Table XVII. Complete comparisons among state-of-the-art driving world models in terms of Map Segmentation in WorldLens.

MagicDrive DreamForge DriveDreamer-2 OpenDWM  DiST-4D X-Scene Empirical

Sseg(') [ICLR’24] [arXiv’24] [AAAT25] [CVPR’25] [ICCV’25] [NeurIPS’25] Max
Divider (1) 23.39% 34.44% 39.69% 31.88% 41.26% 31.84% 16.08%
Ped. Crossing (1) 9.77% 21.18% 24.12% 20.27% 26.17% 17.67% 30.38%
Boundary (1) 21.87% 35.31% 37.03% 30.74% 39.23% 32.22% 45.45%
Average (1) 18.34% 30.31% 33.62% 27.63% 35.55% 27.24% 40.64%
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(a) Good example in the Map Segmentation dimension (Score:

(b) Bad example in the Map Segmentation dimension (Score: 9.46%)
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(d) Bad example in the Map Segmentation dimension (Score: 11.27%)
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(f) Bad example in the Map Segmentation dimension (Score: 7.88%)

Figure XVIIL. Examples of “good” and “bad” downstream task performances in terms of Map Segmentation in WorldLens.
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D.2. 3D Object Detection

D.2.1. Definition

3D Object Detection evaluates whether generated frames preserve the geometric and motion cues necessary for accurate
perception of traffic participants.

A pretrained detector ¢)pgT(-), trained on ground-truth data, is applied to each generated frame y](-t) to predict 3D bounding

boxes with category, position, scale, and velocity information. Following the nuScenes detection protocol [2], detections are
compared against ground-truth boxes to compute mean Average Precision (mAP) and the consolidated nuScenes Detection
Score (NDS).

Higher mAP and NDS indicate that the generated data retains faithful 3D spatial structure and dynamic cues consistent
with real-world scenes.

D.2.2. Formulation

For each frame y§t), the pretrained detector predicts a set of 3D bounding boxes:

B](-t) = YpET (y](‘t)> , B;g-t(t) denotes the corresponding ground-truth set.

Per-frame detection metrics (mAP and NDS) are computed following [15, 16] using standard matching and error terms. The
dataset-level 3D detection score averages these values across all generated frames:

N,
_ 5 (*)
Spet (V) = NgT;g;NDS(yj ) (20)

Higher Spet (and mAP) indicates that the generated frames support more accurate 3D reasoning and reliable downstream
perception for autonomous driving.

D.2.3. Implementation Details

The 3D detection evaluation uses the same pretrained BEVFusion model as in Section D. 1, with its detection head producing
3D bounding boxes on the nuScenes BEV range [—51.2, 51.2] m? and a 150 x 150 grid. Predicted boxes are evaluated against
ground-truth annotations using standard nuScenes 3D detection metrics.

D.2.4. Examples
Fig. XVIII provides typical examples of videos with good and bad quality in terms of 3D Object Detection.

D.2.5. Evaluation & Analysis
Tab. X VIII provides the complete results of models in terms of 3D Object Detection.

Table XVIII. Complete comparisons among state-of-the-art driving world models in terms of 3D Object Detection in WorldLens.

S MagicDrive DreamForge DriveDreamer-2 OpenDWM  DiST-4D X-Scene Empirical
pet (1) [ICLR’24] [arXiv’24] [AAAT'25] [CVPR’25]  [ICCV’25]  [NeurIPS’'25] Max
mAP (1) 0.1178 0.1636 0.1961 0.944 0.2242 0.1562 0.3657
mATE ({) 0.9435 0.9469 0.8443 1.0354 0.9256 0.8870 0.7356
mASE () 0.3400 0.3207 0.3273 0.3479 0.3214 0.3218 0.2919
mAOE () 0.7834 0.8237 0.5930 0.7734 0.5252 0.6509 0.4400
mAVE (}) 1.0133 0.8039 0.8904 0.8629 0.7897 0.7061 0.6821
mAAE () 0.2814 0.2520 0.2349 0.2917 0.2374 0.2265 0.2072
NDS (1) 0.2241 0.2671 0.3090 0.2196 0.3322 0.2989 0.4472
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(b) Bad example in the 3D Object Detection dimension
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(c) Bad example in the 3D Object Detection dimension
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(d) Bad example in the 3D Object Detection dimension

Figure XVIII. Examples of “good” and “bad” downstream task performances in terms of 3D Object Detection in WorldLens.
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D.3. 3D Object Tracking
D.3.1. Definition

3D Object Tracking evaluates whether generated videos preserve consistent object motion and identity information that
supports temporal data association. A pretrained tracker ¥rri (), trained on ground-truth sequences, is applied to each
generated video to estimate 3D trajectories of dynamic objects.

Following the nuScenes tracking protocol [2], tracking performance is measured using the Average Multi-Object Tracking
Accuracy (AMOTA), which integrates precision, recall, and association quality across recall thresholds. Higher AMOTA
values indicate that the generated videos exhibit realistic temporal dynamics, enabling stable object tracking over time.

D.3.2. Formulation

For each generated video y; = {yét) I |, the tracker predicts a set of object trajectories:

T; = Yrr(y;) = {#, = {E’q(f)}tezn}N"k

n=1’

and ’7;gt denotes the corresponding ground-truth trajectories. Tracking accuracy is evaluated using the official nuScenes
metrics [2], including MOTA and AMOTA, where higher scores indicate more reliable data association and motion continuity.

The dataset-level 3D tracking metric averages per-video AMOTA over all generated sequences:

Ng
> AMOTA(y;) 21

j=1

1
S’I‘rk(y) = F
g

Higher Sty indicates that generated videos maintain realistic and temporally coherent object motion, supporting accurate
long-term tracking.

D.3.3. Implementation Details

We evaluate the 3D object tracking performance using the pretrained camera-only ADA-Track [9], following its official
nuScenes configuration. The tracker is run directly on the generated multi-view videos.

D.3.4. Examples
Fig. XIX provides typical examples of videos with good and bad quality in terms of 3D Object Tracking.

D.3.5. Evaluation & Analysis
Tab. XIX provides the complete results of models in terms of 3D Object Tracking.

Table XIX. Complete comparisons among state-of-the-art driving world models in terms of 3D Object Tracking in WorldLens.

S MagicDrive DreamForge DriveDreamer-2 OpenDWM  DiST-4D X-Scene Empirical
Tk (*) [ICLR’24] [arXiv'24] [AAAT25] [CVPR’25]  [ICCV’25] [NeurIPS’25] Max
AMOTP ({) 1.843 1.812 1.778 1.848 1.705 1.829 1.405
Recall (1) 15.50% 16.10% 19.50% 12.40% 29.20% 15.56% 45.30%
MOTA (1) 8.70% 9.70% 12.70% 7.40% 15.10% 10.60% 34.30%
FN () 5093 4622 4361 4820 3725 4799 2678
TP (1) 1615 2084 2343 1887 2977 1909 4027
AMOTA (1) 7.90% 10.30% 13.30% 6.90% 15.30% 8.80% 36.30%
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Figure XIX. Examples of “good” and “bad” downstream task performances in terms of 3D Object Tracking in WorldLens.

(c) Bad example in the 3D Object Tracking dimension
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D.4. Occupancy Prediction

D.4.1. Definition

Occupancy Prediction evaluates whether generated videos enable accurate 3D reconstruction of scene geometry and seman-
tics. We adopt the RayloU metric [25], which measures semantic and geometric agreement along camera rays rather than
voxel overlap. For each ray, RayloU compares the frontmost occupied voxel in the predicted and ground-truth volumes,
requiring both class correctness and depth proximity within a tolerance 4.

This ray-wise formulation avoids the depth-ambiguity of voxel mloU (which may reward thick surfaces) and naturally sup-
ports multi-pose scene completion evaluation via ray casting. Higher RayloU indicates more accurate and depth-consistent
semantic occupancy.

D.4.2. Formulation
A frozen occupancy estimator 1¥o..(-) predicts a probabilistic 3D volume for each generated video:

Oj = ¢Occ(yj) ’ Oj € [Oa I]XXYXZ .

Let R denote the set of sampled query rays (with distance-balanced resampling). For each ray r € R, denote the frontmost
occupied voxel in prediction and ground truth by (d,., ¢,-) and (d&', c8"). A prediction is correctif ¢, = &' and | d, —d&" | < 4.
The RayloU at tolerance ¢ is defined as:

c TP.(9)
=1 TP.(0) + FP(6) + FN.(3) ’

1
RayloU@j = >
and the mean RayloU (mRayloU) aggregates multiple tolerances:
-1
mRayloU = 3 266{1,2,4} RayloU@g¢ .

The dataset-level semantic occupancy score averages mRayloU across all generated videos:

1

Nq
Soce(Y) = N Zj;1 mRayIoU(y;) (22)
g

Higher So.. indicates that generated scenes enable more accurate, depth-consistent, and semantically faithful occupancy
reconstruction.

D.4.3. Implementation Details

We perform occupancy prediction using the pretrained SparseOcc model [25]. The model is applied to the generated multi-
view frames following the official nuScenes camera-only configuration, producing voxel-wise semantic occupancy grids
within a [—40, 40] x [—40,40] x [—1, 5.4] m 3D volume for evaluation.

D.4.4. Examples
Fig. XX provides typical examples of videos with good and bad quality in terms of Occupancy Prediction.

D.4.5. Evaluation & Analysis
Tab. XX provides the complete results of models in terms of Occupancy Prediction.

Table XX. Complete comparisons among state-of-the-art driving world models in terms of Occupancy Prediction in WorldLens.

Soee(-) MagicDrive DreamForge DriveDreamer-2 OpenDWM  DiST-4D X-Scene Empirical
Oce [ICLR’24] [arXiv’'24] [AAAT25] [CVPR’25] [ICCV’25]  [NeurIPS’25] Max
RayloU@1m (7) 17.24% 18.24% 20.32% 17.78% 18.81% 18.00% 29.04%
RayloU@2m (7) 23.53% 24.10% 27.36% 25.35% 26.50% 23.93% 38.17%
RayloU@4m (7) 28.65% 28.79% 32.77% 31.32% 33.00% 29.12% 13.93%
Average (1) 23.14% 23.71% 26.82% 24.82% 26.10% 23.68% 37.05%
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(a) Good example in the Occupancy Prediction dimension (Score: 100.00%)
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(b) Bad example in the Occupancy Prediction dimension (Score: 9.42%)

(d) Bad example in the Occupancy Prediction dimension (Score: 11.27%)

Figure XX. Examples of “good” and “bad” downstream task performances in terms of Occupancy Prediction in WorldLens.
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E. Aspect 5: Human Preference

In this section, we complement the automatic metrics with human-centered evaluation. While quantitative measures capture
specific aspects of fidelity, consistency, and geometric accuracy, they cannot fully reflect how humans perceive realism,
stability, and overall scene quality. To bridge this gap, we introduce a human preference study that scores generated videos
across multiple dimensions, providing a holistic and perceptually grounded assessment of model performance.

E.1. World Realism - Overall Realism

Overall Realism measures the global visual believability of the entire scene. Annotators judge whether the generated video
“looks like a real-world driving recording”. Annotators are instructed to judge each clip according to the following criteria:

* Structural and perspective coherence of the environment.

* Visual stability without severe flicker, tearing, or geometric warping.

* Realistic lighting, shadows, and surface textures.

» Consistent composition between static (roads, buildings, sky) and dynamic (vehicles, pedestrians) elements.

Higher Overall Realism indicates that generated scenes are globally coherent, visually stable, and perceptually indistin-
guishable from real-world videos.

E.1.1. Protocol

Each generated video is rated on a 1-10 scale of perceived realism:

| Score | Level | Description
. .| Severe structural and temporal defects; global flicker or collapse of scene composition;
1 Extremely Unrealistic | . . . ; . . . .
lighting and texture incoherent; scene immediately identifiable as synthetic.
L. Local artifacts such as inconsistent textures, ghosting, or unstable motion, but the
3 Unrealistic

overall layout remains interpretable.

Global appearance mostly coherent with minor motion discontinuities or soft blur;
realism is partially convincing.

Scene composition, motion continuity, and lighting are natural; just some small

) Moderately Realistic

7 Realistic imperfections but do not affect perceived realism.

9 Highly Realistic Scene fully photorealistic in both space and time; almost indistinguishable from
real-world footage by human eyes.

10 Ground Truth -

E.1.2. Examples

Fig. XXI provides typical examples of videos with good and bad quality in terms of Overall Realism.

E.1.3. Evaluation & Analysis

Tab. XXI provides the complete results of models in terms of Overall Realism.

Table XXI. Complete comparisons among state-of-the-art driving world models in terms of Overall Realism in WorldLens.

Overall | MagicDrive DreamForge DriveDreamer-2 OpenDWM  DiST-4D X-Scene Empirical
Realism | [ICLR’24] [arXiv’24] [AAAT'25] [CVPR’25]  [ICCV’25] [NeurlPS’25] Max

min 2.0 2.0 2.0 2.0 2.0 2.0 -
max 4.0 6.0 6.0 6.0 6.0 4.0 -
mean 2.062 2.204 2.256 2.209 2.320 2.080 10
std 0.347 0.620 0.865 0.801 0.912 0.392 -
median 2.0 2.0 2.0 2.0 2.0 2.0 -
q25 2.0 2.0 2.0 2.0 2.0 2.0 -
q75 2.0 2.0 2.0 2.0 2.0 2.0 -
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(a) Good example in the Overall Realism dimension (Score: 10)

(b) Bad example in the Overall Realism dimension (Score: 1)

(c) Good example in the Overall Realism dimension (Score: ©)

(d) Bad example in the Overall Realism dimension (Score: 1)
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(e) Good example in the Overall Realism dimension (Score: 3)
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(f) Bad example in the Overall Realism dimension (Score: 1)

Figure XXI. Examples of “good” and “bad” human preference alignments in terms of Overall Realism in WorldLens.
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E.2. World Realism - Vehicle Realism

Vehicle Realism isolates the perceptual authenticity of vehicles within the scene, focusing solely on their visual appearance.
Annotators evaluate whether vehicles “look like real cars”. Annotators are instructed to judge each clip according to the

following criteria:

 Correct body shape, door/roof/wheel-arch proportions, and stable contours without deformation.

* Realistic metallic paint, plastic, glass, tires, and recognizable small components (logos, grilles, lamps).
» Natural highlights, shadows, and reflections under various weather and illumination conditions.

* Color, texture, and boundary stability across adjacent frames.

High Vehicle Realism reflects consistent car geometry, convincing materials, physically plausible reflections, and tem-
porally stable rendering. Low scores correspond to warped, “rubber-like” cars with flickering colors, melted textures, or

incoherent lighting.

E.2.1. Protocol
Each generated video is rated on a 1-10 scale of perceived realism:

[ Score | Level | Description
. .| Vehicl ly di ; missi 11 h
1 Extremely Unrealistic ehicle g'eome.ttry or texture severely distorted; missing parts, collapsed meshes,
or flickering silhouettes; clearly fake appearance.
. Vehicles roughly shaped but show color inconsistency, unstable reflections, or
3 Unrealistic .
unnatural motion patterns.
5 Moderately Realistic Vehicles recogpizal?le.: with mostly correct proportions and materials; small surface
or temporal noise visible.
.. Vehicle shape, motion, and illumination coherent and stable; only have some minor
7 Realistic . .
local imperfections.
9 Highly Realistic Fully I?atural vehicles \yith correct' proportions, lighting response, and dynamic
reflections; seamlessly integrated in the scene.
10 Ground Truth -

E.2.2. Examples

Fig. XXII provides typical examples of videos with good and bad quality in terms of Vehicle Realism.

E.2.3. Evaluation & Analysis

Tab. XXII provides the complete results of models in terms of Vehicle Realism.

Table XXII. Complete comparisons among state-of-the-art driving world models in terms of Vehicle Realism in WorldLens.

Vehicle | MagicDrive DreamForge DriveDreamer-2 OpenDWM  DiST-4D X-Scene Empirical
Realism | [ICLR’24] [arXiv'24] [AAAT25] [CVPR’25]  [ICCV’25]  [NeurIPS’25] Max

min 2.0 2.0 2.0 2.0 2.0 2.0 -
max 4.0 6.0 8.0 8.0 8.0 8.0 -
mean 2.036 2.043 2.720 2.757 2.328 2.216 10
std 0.268 0.328 1.700 1.584 1.011 0.808 -
median 2.0 2.0 2.0 2.0 2.0 2.0 -
q25 2.0 2.0 2.0 2.0 2.0 2.0 -
q75 2.0 2.0 2.0 2.0 2.0 2.0 -
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(a) Good example in the Vehicle Realism dimension (Score: )

(b) Bad example in the Vehicle Realism dimension (Score: 1)

(c) Good example in the Vehicle Realism dimension (Score: 0)

(d) Bad example in the Vehicle Realism dimension (Score: 1)

(e) Good example in the Vehicle Realism dimension (Score: )

(f) Bad example in the Vehicle Realism dimension (Score: 1)

Figure XXII. Examples of “good” and “bad” human preference alignments in terms of Vehicle Realism in WorldLens.
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E.3. World Realism - Pedestrian Realism

Pedestrian Realism measures whether humans in generated videos look and move like real people. It focuses on anatomical
plausibility, natural appearance, and temporal stability of pedestrians. Annotators are instructed to judge each clip according
to the following criteria:

* Realistic head-torso-limb ratios, joint positions, and poses without twisted or intersecting limbs.
* Plausible garment structure, texture clarity, and consistency of accessories.

¢ Smooth and natural shading without wax-like or distorted faces.

* Continuous appearance without flickering, sliding, or sudden disappearance.
¢ Whether pedestrians resemble real filmed humans rather than avatars or composites.

Higher Pedestrian Realism indicates pedestrians with stable body structures, coherent motion, realistic textures, and nat-
ural temporal behavior.

E.3.1.

Each generated video is rated on a 1-10 scale of perceived realism:

Protocol

[ Score | Level | Description |
. .. | Human figures deformed or incomplete; limbs twisted or merged; motion violates body
1 Extremely Unrealistic Lo . o
mechanics; instantly recognizable as artificial.
. Human silhouettes intact but with visible motion or shape glitches, coarse skin/cloth
3 Unrealistic . .
texture, or flicker; gait unnatural.
5 Moderately Realistic Pedestqans generally human.-hke with slight stiffness or occasional temporal instability,
shape distortions, or texture issues.
. Natural body proportions, coherent motion, and stable clothing appearance; plausible
7 Realistic .
human dynamics.
9 Highly Realistic AnaFomlcally and kmematlc'ally accurate humans with smooth gait, fine-grained
details, and temporally consistent appearance.
10 Ground Truth -
E.3.2. Examples

Fig. XXIII provides typical examples of videos with good and bad quality in terms of Pedestrian Realism.

E.3.3.

Tab. XXIII provides the complete results of models in terms of Pedestrian Realism.

Evaluation & Analysis

Table XXIII. Complete comparisons among state-of-the-art driving world models in terms of Pedestrian Realism in WorldLens.

Pedestrian | MagicDrive DreamForge DriveDreamer-2 OpenDWM  DiST-4D X-Scene Empirical
Realism | [ICLR24] [arXiv'24] [AAATL'25] [CVPR’25]  [ICCV’25] [NeurIPS’25] Max
min 2.0 2.0 2.0 2.0 2.0 2.0 -
max 4.0 6.0 6.0 4.0 6.0 4.0 -
mean 2.288 2.352 2.341 2.325 2.406 2.293 10
std 0.618 0.727 0.703 0.671 0.832 0.629 -
median 2.0 2.0 2.0 2.0 2.0 2.0 -
q25 2.0 2.0 2.0 2.0 2.0 2.0 -
q75 2.0 2.0 2.0 2.0 2.0 2.0 -
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(a) Good example in the Pedestrian Realism dimension (Score: 10)

(b) Bad example in the Pedestrian Realism dimension (Score: 1)

(c) Good example in the Pedestrian Realism dimension (Score: 10)

(d) Bad example in the Pedestrian Realism dimension (Score: 1)

(e) Good example in the Pedestrian Realism dimension (Score: 10)

(f) Bad example in the Pedestrian Realism dimension (Score: 1)

Figure XXIII. Examples of “good” and “bad” human preference alignments in terms of Pedestrian Realism in WorldLens.
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E.4. Physical Plausibility

Physical Plausibility evaluates whether the motions, interactions, and visual evolution of a generated driving scene are consis-
tent with basic physical laws and causal structure in the real world. This dimension explicitly targets physics and dynamics:
whether objects move, collide, occlude, and respond in ways that respect continuity, inertia, contact, and depth ordering.
Annotators are instructed to judge each clip according to the following criteria:

* Positions, velocities, colors, and textures should evolve smoothly over time, without teleportation, duplication, spontaneous
appearance or disappearance, or violent jumps in shape or brightness.

* Vehicles, pedestrians, and static elements (barriers, poles, buildings, cones) should not interpenetrate. Feet should visually
remain on the ground when walking, and objects should not float or sink into surfaces.

 Foreground and background elements should obey consistent occlusion relationships. Distant objects should not suddenly
occlude closer ones, and elements like traffic lights, fences, and signboards should not phase through other geometry.

» Highlights, reflections, glare, and shadows should change smoothly with camera motion and object movement, without
large unexplained flashes, patches of incoherent reflection, or abrupt global brightness jumps.

Higher Physical Plausibility indicates that generated worlds exhibit more physically consistent dynamics and interactions.

E.4.1. Protocol

Each generated video is rated on a 1-10 scale of perceived realism:

| Score | Level | Description

Frequent physics violations: teleportation, penetration, inconsistent occlusion, abrupt
geometry or lighting jumps.

Localized but noticeable non-physical events (e.g., a single penetration or transient
reflection anomaly); scene remains somewhat coherent.

Motion and contact mostly realistic with occasional small violations (e.g., light flicker,
minor occlusion inversion); perceptually acceptable but imperfect.

Motion, occlusion, and lighting largely follow physical laws; minor irregularities

1 Extremely Implausible

3 Implausible

5 Moderately Plausible

7 Plausible . .. ;
remain in non-critical regions.

9 Highly Plausible Entlr.e clip ac}heres to contmult}f, contact, reflection, and causality constraints; fully
consistent with real-world physics.

10 Ground Truth -

E.4.2. Examples
Fig. XXIV provides typical examples of videos with good and bad quality in terms of Physical Plausibility.

E.4.3. Evaluation & Analysis
Tab. XXIV provides the complete results of models in terms of Physical Plausibility.

Table XXIV. Complete comparisons among state-of-the-art driving world models in terms of Physical Plausibility in WorldLens.

Physical | MagicDrive DreamForge DriveDreamer-2 OpenDWM  DiST-4D X-Scene Empirical
Plausibility [ICLR’24] [arXiv’'24] [AAATI’25] [CVPR’25] [ICCV’25]  [NeurIPS’25] Max

min 2.0 2.0 2.0 2.0 2.0 2.0 -

max 4.0 4.0 8.0 8.0 10.0 4.0 -

mean 2.300 2.300 2.380 2.312 2.583 2.292 10

std 0.640 0.640 0.783 0.674 1.187 0.626 -

median 2.0 2.0 2.0 2.0 2.0 2.0 -
q25 2.0 2.0 2.0 2.0 2.0 2.0 -

q75 2.0 2.0 2.0 2.0 3.0 2.0 -
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(a) Good example in the Physical Plausibilit dimension (Score: 10)

(b) Bad example in the Physical Plausibilit dimension (Score: 1)

(c) Good example in the Physical Plausibilit dimension (Score: )

(d) Bad example in the Physical Plausibilit dimension (Score: 1)

(e) Good example in the Physical Plausibilit dimension (Score: 10)

(f) Bad example in the Physical Plausibilit dimension (Score: 1)

Figure XXIV. Examples of “good” and “bad” human preference alignments in terms of Physical Plausibilit in WorldLens.
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E.5. 3D & 4D Consistency

Physical Plausibility measures how well the 3D structure and temporal evolution of objects in a generated video align with
those in the corresponding real (ground-truth) sequence. Rather than judging raw pixels, this dimension focuses on the
stability and accuracy of 3D bounding boxes over time, as estimated by a pretrained tracking or detection model applied to
both generated and real videos. Annotators are instructed to judge each clip according to the following criteria:

* For each object, the 3D box size, orientation, and position should evolve smoothly over time, without jitter, sudden jumps,
unnatural scaling, or misalignment with the underlying object.

» Tracks should persist as long as the object is visible, without frequent flickering, disappearing-and-reappearing, or drifting
away from the target.

* The number and spatial arrangement of boxes in the generated view should broadly match those in the ground-truth view,
especially for prominent nearby objects.

* In dynamic scenes, the motion direction and speed of boxes in the generated view should be close to those in the ground-
truth view; in static scenes, boxes should remain essentially still.

Higher 3D & 4D Consistency indicates that 3D box trajectories in generated videos closely track those in real scenes, both
spatially and temporally.

E.5.1. Protocol

Each generated video is rated on a 1-10 scale of perceived realism:

’ Score \ Level \ Description
. 3D boxes unstable or mismatched; severe jitter, missing frames, or large misalignment
1 Extremely Inconsistent
from the ground truth.
. Rough trajectory trend visible but with clear instability or mismatched counts; large
3 Inconsistent . o
misalignment from the ground truth.
5 Moderately Consistent 3]? bloxes mostly aligned with ground truth; however, there are still minor jitter or
missing boxes that can be detected by human eyes.
7 Consistent Smooth, stable trajectories and coherent spatial alignment; only slight temporal noise;
the number of detected 3D boxes mostly aligns with the ground truth.
9 Hiehly Consistent Generated 3D boxes match ground-truth positions and motions almost perfectly across
gy time; the inconsistency can hardly be detected by human eyes.
10 Ground Truth -

E.5.2. Examples
Fig. XXV provides typical examples of videos with good and bad quality in terms of 3D & 4D Consistency.

E.5.3. Evaluation & Analysis
Tab. XXV provides the complete results of models in terms of 3D & 4D Consistency.

Table XXV. Complete comparisons among state-of-the-art driving world models in terms of 3D & 4D Consistency in WorldLens.

3D & 4D | MagicDrive DreamForge DriveDreamer-2 OpenDWM  DiST-4D X-Scene Empirical

Consistency [ICLR’24] [arXiv’'24] [AAAT'25] [CVPR’25]  [ICCV’25] [NeurIPS’25] Max
min 2.0 2.0 2.0 2.0 2.0 2.0 -
max 10.0 10.0 10.0 10.0 10.0 10.0 -

mean 2.455 2.743 2.751 2.920 2.961 2.431 10
std 1.061 1.378 1.530 1.467 1.405 1.161 -
median 2.0 2.0 2.0 2.0 2.0 2.0 -
q25 2.0 2.0 2.0 2.0 2.0 2.0 -
q75 2.0 4.0 3.0 4.0 4.0 2.0 -
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(a) Good example in the 3D & 4D Consistency dimension (Score: 10)
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(b) Bad example in the 3D & 4D Consistency dimension (Score: 1)
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(c) Bad example in the 3D & 4D Consistency dimension (Score: 1)
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(d) Bad example in the 3D & 4D Consistency dimension (Score: 1)
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Figure XXV. Examples of “good” and “bad” human preference alignments in terms of 3D & 4D Consistency in WorldLens.
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E.6. Behavioral Safety

Behavioral Safety measures how safe and predictable the visible behavior of traffic participants appears in generated driving
videos, as judged by human observers. Rather than evaluating visual realism alone, this dimension focuses on whether
vehicles, pedestrians, cyclists, and other agents interact with each other and with key scene elements in a way that is consistent
with basic traffic rules and low-risk driving. Annotators are instructed to judge each clip according to the following criteria:

» Obvious impossible behaviors such as sudden teleportation, splitting or merging of agents, agents appearing or disappearing
without cause, or severe shape deformation that destroys basic spatial relations.

* Whether agent behavior clearly contradicts prominent traffic signals, signs, or lane markings (for example, ignoring a red
light, driving against traffic, or violating stop or yield indications).

* Whether vehicles and vulnerable road users maintain reasonable gaps, avoid implausible near-collisions or illegal crossings,
and follow trajectories that are smooth and predictable rather than erratic or conflict-prone.

* Whether scene distortions, flickering, or object deformations directly impair the ability to read safety-critical cues, such as
lane boundaries, signal states, and relative positions of agents.

Higher Behavioral Safety indicates that generated videos tend to display traffic behavior that raters judge as safe and
consistent with basic road rules.

E.6.1. Protocol

Each generated video is rated on a 1-10 scale of perceived realism:

| Score | Level | Description

Catastrophic anomalies or impossible events (teleportation, splitting, collisions, severe

1 Extremely Unsafe | . S
y signal violations) that make the scene unsafe at a glance.

Partial or localized safety violations, e.g., brief teleportation, collisions, or unreadable

3 Mostly Unsafe signal states, that clearly degrade perceived safety but do not dominate the scene.

Generally safe behavior with mild instability or motion artifacts; no major conflicts,

o Moderately Safe though realism is limited.

Predictable and stable behavior; vehicles and pedestrians maintain proper spacing and

7 Safe respect traffic logic.

9 Highly Safe Fully ngtural gnd rule-abiding behavior; smooth trajectories, compliant with signals,
and entirely risk-free appearance.

10 Ground Truth -

E.6.2. Examples
Fig. XX VI provides typical examples of videos with good and bad quality in terms of Behavioral Safety.

E.6.3. Evaluation & Analysis
Tab. XX VI provides the complete results of models in terms of Behavioral Safety.

Table XXVI. Complete comparisons among state-of-the-art driving world models in terms of Behavioral Safety in WorldLens.

Behavioral | MagicDrive DreamForge DriveDreamer-2 OpenDWM  DiST-4D X-Scene Empirical

Safety | [ICLR24] [arXiv'24] [AAAT’25] [CVPR’25]  [ICCV’25] [NeurIPS’25] Max
min 2.0 2.0 2.0 2.0 2.0 2.0 -
max 4.0 4.0 10.0 8.0 6.0 4.0 -
mean 2.306 2.290 2.533 2.598 2.591 2.318 10
std 0.649 0.621 1.184 1.247 1.341 0.686 -
median 2.0 2.0 2.0 2.0 2.0 2.0 -
q25 2.0 2.0 2.0 2.0 2.0 2.0 -
q75 2.0 2.0 2.0 3.0 2.0 2.0 -
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Figure XXVI. Examples of “good” and “bad” human preference alignments in terms of Behavioral Safety in WorldLens.
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F. Evaluation Agent

In this section, we present additional detail on the proposed WorldLens-Agent model, describing the architecture, prompting
scheme, training setup, and providing some qualitative evaluation examples on out-of-distribution driving videos. We observe
that evaluating generated worlds often hinges on human-centered criteria (physical plausibility) and subjective preferences
(perceived realism) that quantitative metrics inherently miss. Our goal here is to train an auto-evaluation agent that can be
utilized in a broader range of generated videos, and, simultaneously, align with the preferences of human annotators.

F.1. Agent Architecture

The WorldLens-Agent is a vision-language critic built on Qwen3-VL-8B [1] and trained to evaluate generated videos along
human-centered dimensions, including overall realism, 3D consistency, physical plausibility, and behavioral safety.

As shown in Fig. XXVII, the agent takes two types of input: an instruction text describing the evaluation criteria, which is
processed by the frozen Qwen3 tokenizer, and a video generated by world models, which is encoded by the frozen Qwen3-
VL vision encoder. The resulting features are projected into the language token space, forming a unified multimodal token
sequence.

This sequence is then passed to the Qwen3-VL decoder, where LoRA adapters are applied only to the attention layers. All
other components, including the vision encoder, the projector, the embedding layers, and the MLP blocks, remain frozen. This
lightweight adaptation allows the model to incorporate human perceptual and safety-related priors learned from WorldLens-
26K, enabling it to capture cues such as lighting realism, depth stability, object dynamics, and safety-critical violations while
preserving the general multimodal capability of the base model.

Finally, the agent autoregressively produces a structured JSON output that contains a numerical score (1-10) and a concise
rationale for each evaluation dimension. This representation yields a reliable, interpretable, and scalable assessment signal
that complements conventional quantitative metrics and serves as a consistent preference oracle for world-model benchmark-
ing and downstream reinforcement learning pipelines.

F.2. Prompt Scheme

The following prompting scheme specifies the instruction protocol for the WorldLens Evaluation Agent. Given a generated
driving clip and a dimension-specific human rating rubric, the agent is guided to produce structured, evidence-based scores
for multiple aspects of generative video quality.

The prompt enforces strict output formatting, dimension-aware reasoning, and rubric-consistent interpretation, ensuring
reliable and reproducible automatic scoring.
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Figure XXVII. The architecture of the proposed WorldLens-Agent for auto-evaluation of generated driving videos.
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F.3. Training Setup

The WorldLens-Agent is fine-tuned from Qwen3-VL-8B through supervised instruction tuning, allowing the model to better
align with human evaluation preferences. We adopt LoRA adaptation on all attention modules, using a rank of 16 and a
dropout rate of 0.05, which provides efficient preference learning while preserving the multimodal reasoning capabilities of
the base model.

Training is performed for three epochs with a learning rate of le-4, cosine decay scheduling, and a warmup ratio of 0.1.
All experiments are conducted on eight A100 GPUs using bfloat 16 precision. This configuration ensures stable conver-
gence and effective adaptation, resulting in a vision-language critic that consistently captures realism, geometric consistency,
physical plausibility, and safety-related cues in generated videos.

F.4. Consistency Alignment

Since original human-rated data are used for training, we additionally annotate a held-out set of 100 videos for agent eval-
uation. As shown in Table XX VII, WorldLens-Agent achieves a strong and consistent agreement with human scores across
four held-out dimensions (H.1-H.4): Spearman p ranges from 0.81 to 0.91 and Kendall 7 ranges from 0.72 to 0.84, with a
macro-average of p = 0.86 and 7 = 0.76.

Beyond rank correlation, it also shows high absolute-score consistency (macro CCC = 0.80; MAE = 0.83; RMSE =
1.25), and high tolerance-level accuracy (Within — 1 = 0.82, Within — 2 = 0.93). These results validate that the agent’s
judgments are robust and not limited to qualitative alignment on a single external model.

F.5. Qualitative Assessment

Fig. XXVIII and Fig. XXIX present additional qualitative evaluations produced by the WorldLens-Agent on challenging
driving scenarios, including out-of-distribution videos rendered or produced by Gen3C [22], Cosmos-Drive [21], and the
CARLA [10] simulator. These examples illustrate the agent’s ability to generalize beyond its training distribution and main-
tain consistent, human-aligned judgment across a wide spectrum of visual styles, scene structures, and motion dynamics.

As shown in Fig. XXVIII, the agent reliably identifies a broad range of safety-critical issues. These include lane incursions,
ignoring red lights, and near-collision events, each accompanied by a concise explanation grounded in visible evidence. It
also detects failures in physical plausibility, such as unnatural animal motion or vehicles exhibiting incoherent dynamics,
where motion lacks realistic articulation or violates expected mass-gravity relationships. In the realm of realism, the agent
highlights artifacts like low-fidelity textures, simplified geometry, and game-engine rendering effects, all of which degrade
perceptual authenticity.

Fig. XXIX further demonstrates the agent’s sensitivity to more severe and uncommon failure modes. It flags physically
impossible ego-vehicle trajectories, such as the viewpoint unexpectedly lifting off the ground, as violations of basic mechan-
ical and gravitational constraints. The agent also captures high-impact behavioral safety failures, including colliding with
stationary obstacles such as ambulances or trucks. Beyond temporal or behavioral issues, it robustly identifies large-scale 3D
and 4D consistency violations, where buildings, vehicles, and road structures visibly intersect or pass through one another,
indicating broken geometry and disrupted spatial coherence.

Together, these qualitative cases highlight the strong generalization capability of the proposed WorldLens-Agent and
our ability to diagnose diverse, complex failure patterns across unseen generative video domains. The agent not only as-
signs scalar scores but also provides clear, interpretable rationales, enabling transparent and human-aligned evaluation under
significant distribution shift.

Table XX VII. Quantitative experiment on the correlation between WorldLens-Agent and human scores.

Dim | p 7 CCC MAE RMSE W1 W2

H.1 | 081 072 079 0.70 099 088 0.99
H2 | 084 074 078 0.78 1.21  0.85 0.92
H3 | 0.87 0.76 0.80 0.87 1.35  0.79 0.91
H4 1091 084 0.84 0.99 148 0.77 0091

macro ‘ 0.86 0.76 0.80 0.83 1.25 0.82 0.93
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System prompt for assessing the quality of generated driving videos with VLM

You are an expert vision-language evaluator designed to assess the quality of Al-generated driving videos. Given a short video clip together with a human-designed

rubric, your task is to assign an objective score and provide a concise, evidence-based explanation.

Your analysis focuses on a single target dimension at a time (e.g., overall_realism, vehicle_realism, pedestrian_realism, 3D_consistency, physical_plausibility, behav-

ioral_safety).

: The input specifies which dimension to evaluate, e.g., overall_realism, vehicle_realism, etc.

: Use the full English rubric provided for the selected dimension, strictly following its definitions, criteria, and scoring scale.

: Judge only what is visually observable in the video, such as temporal stability, geometry, textures, reflections, occlusions, physical

consistency, and artifacts.

: Output a numeric score in [1, 10] with a step of 0.5 (i.e., {1.0,1.5,...,10.0}), rounded to the nearest 0.5 and clamped to [1, 10].
: Provide a short English rationale that cites concrete visual evidence, e.g., flicker, ghosting, shape distortions, interpenetration, lighting jumps, unsafe

maneuvers, etc.

Scoring Rubrics for Each Dimension (Summary):

1 - Highly Unrealistic: Severe artifacts (warping, collapsing geometry, heavy flicker, broken roads, impossible lighting).

3 — Unrealistic: Structures roughly recognizable but textures blurry; perspective errors; frequent artifacts and instability.

5 — Fair: Mostly acceptable but clearly synthetic; noticeable unnatural boundaries, lighting jumps, or texture flicker.

7 — Realistic: Largely natural appearance; coherent lighting and geometry; only minor localized flaws.

9 — Highly Realistic: Almost indistinguishable from real dashcam footage; stable textures, correct perspective, consistent lighting.

1 - Highly Unrealistic: Strong distortions, split bodies, stretched parts, heavy flicker; vehicles look clearly fake.

3 - Unrealistic: Coarse material appearance, unstable reflections, poor temporal consistency, visible geometry defects.
5 — Fair: Car-like but with noticeable flaws in edges, contours, or materials; moderate instability across frames.

7 - Realistic: Mostly correct geometry, paint, glass, tires, and reflections; minor issues only.

9 — Highly Realistic: Faithful car shape and materials; natural glass/paint reflections; stable and coherent over time.

1 - Highly Unrealistic: Broken limbs, twisted joints, ghosting, severe flicker, or missing body parts.

3 — Unrealistic: Human-like but coarse textures, inconsistent appearance, unnatural gait, or floating/sliding.

5 — Fair: Generally human-shaped with some artifacts or slightly rigid/unnatural motion.

7 — Realistic: Mostly natural appearance and motion; minor local inconsistencies acceptable.

9 — Highly Realistic: Convincing human geometry, clothing, motion, and lighting; temporally stable with no major artifacts.

1 - Highly Inconsistent: Strong jitter, scale popping, drift, disappear/reappear, incorrect depth ordering.

3 — Inconsistent: Overall motion roughly matches but unstable; noticeable mismatches or frequent small jumps.

5 — Fair: Broadly consistent with occasional jitters, mild drift, or minor alignment errors.

7 - Consistent: Mostly stable geometry and depth; only small irregularities.

9 — Highly Consistent: Smooth temporal evolution; stable shapes, positions, and trajectories with near-perfect depth coherence.

1 - Highly Implausible: Teleporting, merging/splitting objects, interpenetration, impossible shadows, large occlusion errors.
3 - Implausible: Noticeable but localized physics violations (e.g., single intersection event, abrupt illumination jump).

5 — Fair: Mostly plausible but with several visible inconsistencies that do not dominate the clip.

7 — Plausible: Stable motion, contacts, and occlusions; only minor physical deviations.

9 — Highly Plausible: Fully consistent with real-world physics; smooth motion, proper occlusions, no interpenetration.

1 - Highly Unsafe: Impossible or dangerous behaviors; collisions, severe occlusion failures preventing safety judgment.

3 - Unsafe: Localized unsafe interactions, obvious violations of signals or right-of-way; unstable visuals harming safety perception.

5 — Generally Safe: Mostly reasonable behaviors with small issues that do not fundamentally affect safety.
7 — Safe: Stable, predictable motion; compliant with visible cues; minor cosmetic defects only.
9 — Highly Safe: Clear, unambiguous, low-risk behavior; natural interaction patterns consistent with real traffic rules.

Instruction:
« Evaluate the clip only from visible evidence; do not hallucinate or infer information not shown in the video.
* Follow the corresponding rubric for the given dimension when mapping visual quality to a score in [1, 10].
* The output must be a single valid JSON object with exactly two keys: "score" and "reason".
* Do not include any extra keys, text, Markdown, or comments outside the JSON object.

": <one of 1.0,1.5,...,10.0>

UPPS:

e e lence 1sed e 1 on based on E e cues

’
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Frame 1 Frame 10 Frame 20 Frame 30 Frame 40

% The self-vehicle enters the oncoming lane, posing a clear collision risk and violating traFFic
rules. Despite other vehicles behaving normally, this lane intrusion represents a safety hazard,
further increasing uncertainty for surrounding drivers and reducing overall roadway safety.

The scene's geometry and lighting remain broadly consistent, with stable road structure and
coherent depth cues. However, the cow's movement lacks physical realism, its body glides
laterally with minimal limb articulation, missing the natural gait expected in real motion.

% % The ego-vehicle Fails to stop at a clearly visible red light, proceeding through the
intersection despite the signal being solidly red. This constitutes a serious traffic violation
and, narrowly avoiding a collision with the vehicle approaching from the right.

The visual environment clearly resembles a game engine simulation (CARLA). It features low-
fidelity textures, simplified geometry on buildings and trees, and poor shadow rendering
(jagged edges), which significantly reduces overall realism compared to real-world footage.

- World
Rating: 4/10 Realism

Figure XXVIII. Additional qualitative assessments of the WorldLens-Agent evaluation on challenging driving conditions.
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Frame 20 Frame 30 Frame 40

Frame 1 | Frame 10

This is a critical safety Failure. The ego-vehicle explicitly ignores a visible red trafFic light at

the intersection and proceeds to drive through it. This creates a dangerous conflict with the
turning red vehicle, representing a complete disregard For traffic rules.

Rating: 2/ 10

The video exhibits a Failure in physical plausibility. The ego's perspective inexplicably lifts off
the ground and ascends into the air, appearing to Fly over the guardrails and terrain. This
behavior fundamentally violates gravity and the mechanical constraints of a wheeled vehicle.

The ego Fails to avoid a stationary or slow-moving obstacle (ambulance/truck) at the end of

the clip, resulting in 3 collision. This represents the absolute lowest score for behavioral
safety, as the primary goal of autonomous driving is collision prevention.

Rating: 1/ 10

The scene suffers from major 3D and 4D consistency Failures, with buildings, road structures,
and nearby vehicles visibly intersecting through one another. These persistent geometry
violations break spatial coherence and severely undermine the realism of the generated view.

Rating: 1/10

Figure XXIX. Additional qualitative assessments of the WorldLens-Agent evaluation on challenging driving conditions.
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G. Broader Impact & Limitations

In this section, we elaborate on the broader impact, societal influence, and potential limitations of the proposed approach.

G.1. Broader Impact

Our benchmark advances the evaluation of generative world models by establishing a unified, transparent, and reproducible
protocol that links perception, geometry, physics, and behavior. By grounding quantitative scores in human perception and
physical reasoning, we encourage the development of models that are not only visually convincing but also physically reliable
and functionally safe.

The benchmark, dataset, and agent together promote standardization and comparability in this rapidly evolving domain,
helping researchers diagnose weaknesses, track progress, and design more robust embodied simulators. Beyond autonomous
driving, the framework can inspire principled evaluation methods for robotics, AR/VR simulation, and broader world-model
research.

G.2. Societal Influence

Our benchmark has implications for Al safety, trustworthy simulation, and embodied intelligence. By providing quantitative
and human-aligned metrics for realism, physical plausibility, and behavioral safety, our benchmark helps mitigate risks from
models that may appear realistic but behave unrealistically when used for planning or training downstream agents. Reliable
evaluation of generative simulators could accelerate applications in safe-driving research, synthetic dataset generation, and
policy testing under controlled conditions.

Nonetheless, the framework should be used responsibly, especially when synthetic data influence safety-critical decisions,
ensuring transparency in evaluation and avoiding misuse for deceptive content generation.

G.3. Potential Limitations

While our benchmark provides a comprehensive evaluation spectrum, several limitations remain. First, the benchmark cur-
rently focuses on driving-world scenarios; extending to indoor, aerial, or humanoid environments requires additional metrics
and domain-specific cues. Second, although the human preference dataset (WorldLens-26K) captures rich perceptual rea-
soning, it may reflect annotator bias toward specific visual styles or regions, which future work could mitigate through more
diverse and cross-cultural labeling. Third, the evaluation agent, though effective in zero-shot settings, inherits limitations
from its underlying language model and supervision quality. Lastly, physical realism in simulation is inherently open-ended;
new metrics may be required as models evolve toward interactive and multimodal 4D reasoning.

H. Public Resource Used

In this section, we acknowledge the use of the following public resources, during the course of this work:
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