How Far are Al-generated Videos from Simulating the 3D Visual World:
A Learned 3D Evaluation Approach
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Figure 1. L3DE evaluates videos from any generative model based on 3D visual coherence, assessing appearance, motion, and geometry.
Its scores align closely with human perception and can localize regions of 3D simulation failures, similar to human intuition. Examples
highlight key failure cases: (1) incorrect occlusion between the basketball and hoop, disrupting geometric consistency, (2) abrupt texture
transition in plant leaves, and (3) unnatural relative motion between the golf ball and the golf club, violating real-world motion dynamics.

Abstract

Recent advancements in video diffusion models enable the
generation of photorealistic videos with impressive 3D con-
sistency and temporal coherence. However, the extent to
which these Al-generated videos simulate the 3D visual
world remains underexplored. In this paper, we introduce
Learned 3D Evaluation (L3DE), an objective, quantifi-
able, and interpretable method for assessing Al-generated
videos’ ability to simulate the real world in terms of 3D
visual qualities and consistencies, without requiring man-
ually labeled defects or quality annotations. Instead of re-
lying on 3D reconstruction, which is prone to failure with
in-the-wild videos, L3DE employs a 3D convolutional net-
work, trained on monocular 3D cues of motion, depth, and
appearance, to distinguish real from synthetic videos. Con-
fidence scores from L3DE quantify the gap between real and
synthetic videos in terms of 3D visual coherence, while a
gradient-based visualization pinpoints unrealistic regions,
improving interpretability. We validate L3DE through ex-
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tensive experiments, demonstrating strong alignment with
3D reconstruction quality and human judgments. Our eval-
uations on leading generative models (e.g., Kling, Sora, and
MiniMax) reveal persistent simulation gaps and subtle in-
consistencies. Beyond generative video assessment, L3DE
extends to broader applications: benchmarking video gen-
eration models, serving as a deepfake detector, and enhanc-
ing video synthesis by inpainting flagged inconsistencies.

1. Introduction

Video diffusion models, such as Sora [5], have recently
shown remarkable capabilities in visual simulation, produc-
ing photorealistic videos with 3D consistency and tempo-
ral coherence that can even deceive human observers. This
progress raises a fundamental question: how well do Al-
generated videos simulate the 3D visual world? While ex-
isting evaluations heavily rely on subjective user studies, a
quantifiable and interpretable approach remains missing for
assessing 3D visual coherence of generative videos.

3D scene reconstruction [17, 20, 31, 56, 58] is a natural



way to assess whether generative videos preserve 3D visual
coherence. The intuition is that if a video enables high-
quality 3D reconstruction, it should maintain 3D-consistent
appearance, structure, and motion across frames. How-
ever, even state-of-the-art reconstruction methods struggle
with in-the-wild videos due to challenges such as unreliable
pose estimation [9, 55, 58] and the absence of multi-view
cues [9, 24, 53, 63], making large-scale evaluation based on
reconstruction impractical. To overcome these limitations,
inspired by [10], we turn to monocular 3D cues, such as
depth and optical flow, which naturally emerge from videos
and serve as strong proxies for 3D structure and motion.
Thus, we explore leveraging monocular cues from founda-
tion models [37, 51] as an alternative for assessing 3D real-
ism. Specifically, we use RAFT [51] for optical flow esti-
mation and UniDepth [37] for depth prediction, while utiliz-
ing DINOv2 [34] to capture high-level appearance features.

We collect real and synthetic videos from Pexels [36]
and Stable Video Diffusion (SVD) [3], respectively. Pex-
els provides diverse real-world videos, while SVD is one of
the most accessible video generator. We align their visual
content by using real video frames as prompts to generate
paired synthetic videos. This minimizes content disparities,
isolating differences in 3D consistency and helping analyze
how generative videos deviate from real ones.

Equipped with 3D proxies and data, the next challenge
is measuring the gap between generative and real-world
videos. To tackle this, we develop Learned 3D Evaluation
(L3DE), a data-driven learning-based tool that uses monoc-
ular 3D cues to evaluate generative videos and identify 3D
visual simulation failures. L3DE captures intrinsic differ-
ences between real and synthetic videos by training a 3D
convolutional network with contrastive learning using 3D
proxies as inputs. The confidence scores quantify the gap
between synthetic and real videos regarding these 3D prox-
ies. Additionally, L3DE enhances interpretability by high-
lighting key failure regions via a gradient-based method
[48] (see Table 3). Finally, by integrating depth, motion,
and appearance proxies through a feature fusion module,
L3DE provides a stable and comprehensive evaluation of
3D visual coherence in generative videos.

To validate L3DE’s effectiveness, we conduct 3D scene
reconstruction experiments and user studies. Our results in
Sec. 5.1 show that L3DE scores highly correlate with recon-
struction quality, with flagged areas aligning with regions
of high 3D inconsistency, as confirmed by reconstruction
errors. Human studies in Sec. 5.2 further reveal that L3DE
scores align closely with human perceptual judgments, with
flagged areas consistently rated high by annotators. These
results demonstrate L3DE’s effectiveness in assessing and
analyzing 3D visual coherence in generative videos.

We conduct experiments applying L3DE to videos from
leading generative models, including Sora [5], MiniMax

[32], Kling [23], and others to benchmark their 3D visual
simulation capabilities and analyze their strengths and lim-
itations. With L3DE validated through 3D reconstruction
and human evaluation, these results provide insights into
how well different models capture 3D realism. As shown
in Table 5, models like Sora and Kling achieve higher
L3DE scores, particularly in appearance simulation, while
all models show room for improvement in motion and ge-
ometry consistency. Most generative videos still exhibit no-
ticeable gaps from real ones in 3D visual coherence, as re-
flected in their lower L3DE scores.

Beyond evaluating 3D visual coherence in Al-generated
videos, L3DE can serve as a deepfake detector by apply-
ing a confidence score threshold. Despite not being trained
on videos from specific sources, L3DE effectively identi-
fies fake videos from Kling and others (see Table 1 in the
appendix) with over 0.7 accuracy. Additionally, L3DE’s lo-
calized failure regions can help improve video synthesis. By
inpainting flagged areas (see appendix), we can enhance the
3D visual coherence of generative videos.

Our contributions can be summarized as follows:

* We take the first step in systematically investigating the
3D visual coherence of Al-generated videos across ap-
pearance, motion, and geometry—Xkey factors in repre-
senting a dynamic 3D world. To facilitate quantitative
analysis, we extract monocular clues from foundation
models to disentangle these aspects.

* We introduce Learned 3D Evaluation (L3DE) that quan-
tifies the 3D visual coherence of a video using confi-
dence scores from models trained on pairing data with
contrastive loss. L3DE also highlights spatial and tem-
poral regions as evidence for its assessment. Moreover,
we integrate these three aspects to deliver a more robust
assessment tool.

* Through controlled user studies and 3D reconstruction
experiments on diverse generative videos, we show that
L3DE’s quantification scores and localized regions align
well with user intent and reconstruction quality.

* L3DE can be used for broader applications. Our experi-
ments and studies provide valuable insights and findings
about the capabilities of current video generation models.

2. Related Work

Diffusion models for video generation. The success of
diffusion models [14, 50] in image synthesis [0, 12, 27,
33, 38, 41, 43] has driven advancements in video genera-
tion [4, 11, 13, 15, 16, 21, 29, 57, 62, 64]. Stable Video
Diffusion [3] leverages large-scale training for high-quality
video synthesis. Sora [5] demonstrate the ability to simu-
late humans, animals, and environments, highlighting video
generation as a potential path towards world simulation.
Our work aim to help the community gain more understand-



ing about generative videos, especially their gap from real-
world videos in terms of 3D viusal simulation capabilities.

Al-generated video evaluation. Existing metrics for
evaluating Al-generated videos include Inception Score
(IS) [44], Fréchet Video Distance (FVD) [52], Perceptual
Input Conformity(PIC) [57] and CLIPSIM [40], among oth-
ers. Recent benchmarks, such as VBench [18] and Eval-
Crafter [26], establish standardized protocols by integrat-
ing automated metrics for comprehensive model compar-
isons. In contrast, our approach identifies differences be-
tween real and generative videos using a data-driven yet
simple method, complemented by low-level statistical anal-
ysis to assess their 3D visual simulation capabilities.

Video feature extraction. Extracting appearance, motion,
and geometry information is crucial for evaluating video re-
alism. DINOV2 [34] shows strong image appearance repre-
sentation, while optical flow estimation methods [7, 19, 51]
provide robust motion features. Monocular depth cues en-
code rich geometric information, with recent methods like
UniDepth [37] achieving precise metric depth estimation
with excellent video consistency. We leverage these tech-
niques to extract relevant features for our analysis.

3D scene reconstruction. Recent advancements in 3D re-
construction, such as NeRF-based [2, 25, 30, 31, 35, 39,
54, 60] and 3D-GS-based [17, 20, 56, 58] methods, have
improved static and dynamic scene modeling. Despite the
robustness of novel view synthesis (NVS) methods for in-
the-wild scenes, unreliable camera pose estimation in such
videos limits the feasibility of 3D scene reconstruction as
a robust large-scale evaluation tool for assessing the 3D vi-
sual simulation capabilities of Al-generated videos.

3. Data Curation

To gain a deeper understanding of the 3D visual simulation
capabilities of Al-generated videos, we design a data cura-
tion process and compile a dataset that includes both real-
world and Al-generated videos, as detailed in Table 1. Our
model training, method validation, and subsequent analysis
are all conducted using different subsets in this dataset.

In-the-wild real-world videos. We begin by collecting ap-
proximately 100,000 real-world, in-the-wild videos from
Pexels [36]. These videos encompass a wide range of con-
tent, including animals, people, natural scenes, urban land-
scapes, indoor environments, and more. For raw video pro-
cessing, we follow the method introduced in [3]. More de-
tails on the data processing can be found in the appendix.

Paired generative videos. We employ the open-source
generative model Stable Video Diffusion (SVD) [3] to gen-
erate synthetic videos. To ensure the focus is on the 3D vi-
sual coherence, rather than potential biases in the generated
content or color distribution, we condition SVD model us-

ing the first frames from real video clips. This enables SVD
to generate paired synthetic samples that preserve the same
semantic content and color distribution as their real video
counterparts. Thus we create a paired generative video
dataset, where the video clips share similar visual content
to the real videos, minimizing the risk of model bias.

3D reconstruction verification set. To evaluate L3DE’s
effectiveness, we curate a verification set using videos
generated by the commercial model Kling [23], as SVD-
generated videos are typically of low quality, hindering 3D
reconstruction and rendering. Our verification set consists
of two parts: (1) Generated Videos for In-the-wild Scenes.
Given the low success rate of pose estimation [9, 55, 58]
on Al-generated videos, we generate diverse samples con-
ditioned on keyframes from unseen real videos. We then
screen the large pool of generated videos and retain 30 that
successfully undergo 3D reconstruction. (2) Twin Videos for
Public Scene Datasets. To analyze the correlation between
3D consistency and L3DE score, we iteratively generate
twin videos for 15 scenes from public static datasets (i.e.,
Mip-NeRF360 [2], Tanks-and-Temples [22]) and dynamic
datasets (i.e., Hyper-NeRF [35], Neural 3D Video Synthe-
sis Dataset [25]), ensuring that each scene yields at least
one video that successfully undergoes COLMAP and recon-
struction. Each twin video pair is generated using one real
frame as the start frame and another with sufficient over-
lap as the end frame, maintaining close alignment with the
real 3D content. Videos from (1) and (2) form the 3D re-
construction verification set, totaling 3000 videos. For val-
idation experiments, we use only videos that successfully
undergo pose estimation, while the entire set is used in sup-
plementary fake video detection experiments.

3D visual simulation benchmark. We conduct studies us-
ing L3DE on generated videos from recent commercial gen-
erative models, augmented with data from [61], to assess
their ability to simulate the 3D visual world. The dataset
includes videos from models such as Sora [5], Kling [23],
Runway-Gen3 [42], Luma [28], MiniMax [32], Vidu [49],
and CogVideoX [59]. To ensure relevance, we exclude
videos with non-realistic content, such as animations. Since
all videos are generated with the same set of image or text
prompts, this dataset enables a direct and fair comparison
of 3D visual simulation capabilities across different models
by eliminating prompt-induced variability. Furthermore, we
provide 14,000 unseen real video samples as references to
establish an empirical upper bound for L3DE scores.

4. Learned 3D Evaluation

Below, we first discuss proxies for representing the 3D vi-
sual world, followed by a detailed explanation of the newly
proposed Learned 3D Evaluation (L3DE) for assessing the
3D visual simulation capabilities of Al-generated videos.



Source Synthetic/Real Number of Videos Clip Length Resolution Frame Rate Prompt Type
Paired Real/Synthetic Video Set
Pexels [36] Real 80,000 4s Variable Variable -
Stable Video Diffusion [3] Synthetic 80,000 4s 1024*576 7 FPS 2v
3D Reconstruction Verification Set
Kling 1.5 [23] Synthetic 3,000 5s Variable 30 FPS 12V & T2V
3D Visual Simulation Benchmark
Pexels [36] Real 14,000 4s Variable Variable -
Runway-Gen3 [42] Synthetic 539 Ss 1280*768 24 FPS 12V & T2V
MiniMax [32] Synthetic 539 Ss 1280*720 25 FPS 12V & T2V
Vidu [49] Synthetic 539 3s Variable 24 FPS 12V & T2V
Luma Dream Machine 1.6 [28] Synthetic 539 Variable Variable 24 FPS 2V & T2V
Kling 1.5 [23] Synthetic 539 Ss Variable 30 FPS 12V & T2V
CogVideoX-5B [59] Synthetic 539 6s 720*480 8 FPS 12V & T2V
Sora [5] Synthetic 539 5s Variable 30 FPS 12V & T2V
Kling 2.1 [23] Synthetic 539 Ss Variable 30 FPS 12V & T2V

Table 1. Overview of our dataset, which consists of (1) Paired Real/Synthetic Video Set, designed to study the gap between real-world and
Al-generated videos; (2) the 3D Reconstruction Verification Set, curated for validating L3DE through 3D reconstruction; and (3) the 3D
Visual Simulation Benchmark, which includes videos from multiple generative models to evaluate their 3D visual simulation capabilities.

4.1. Proxies for Representing 3D Visual World

Reconstructing and rendering in-the-wild videos to assess
3D world simulation is challenging, primarily due to is-
sues such as unreliable camera pose estimation [46, 47, 58].
Beyond reconstructing a scene in 3D space, the realism of
the 3D visual world is shaped by multiple perceptual fac-
tors. Inspired by [10, 45], we identify three key aspects: 1)
Appearance: Visual attributes of video frames, including
color, texture, and lighting; 2) Motion: Temporal dynamics
and changes within the video; and 3) Geometry: The spa-
tial structure and shape of objects in the frames. These cues
reflect the consistency of a video’s 3D structure and can
be reliably estimated from videos using foundation models,
which we leverage as proxies for the 3D visual world. We
extract these cues using the following foundation models:

e Appearance representation: Instead of simply using the
original RGB information, we extract per-frame visual
feature with DINOv2 [34] as the appearance representa-
tion. Its features are capable of cross-image dense and
sparse matching [8, 34], which enhances the potential to
capture cross-frame appearance consistency.

e Motion representation: We leverage optical flow, which
is well-studied to represent motion, to examine the mo-
tion pattern differences between synthetic and real videos.
To be more specific, we employ RAFT [51], a state-of-
the-art optical flow estimation model, to extract optical
flow between the adjacent frames.

e Geometry representation: To investigate the geomet-
ric properties of generative videos, we leverage the per-
frame depth as the geometry representation. Depth con-

veys many 2.5D geometric cues, such as occlusion, spa-
tial relationships, scales, and so on. In detail, considering
the cross-frame scale consistency, we adopt metric depth
from UniDepth [37] as it has a uniform scale and provides
better consistency across frames, which aids in perceiving
changes in the geometric structure of the video.

4.2. Design of L3DE

With the prepared data and extracted 3D visual proxies, we
develop L3DE. The model first trains a classifier on the
paired real/synthetic video dataset in Table I, enabling it
to learn to distinguish them based on the three proxies. This
is achieved with a contrastive learning objective, which en-
hances the discriminative power of the learned features. Ad-
ditionally, we integrate Grad-CAM [48] to enable L3DE to
identify simulation traits. Finally, we design a fusion mod-
ule that combines all three 3D proxies to produce a more
comprehensive evaluation score for video assessment.

Classifier construction and training. Based on the 3D
proxies outlined in Sec. 4.1, we design a 3D convolutional
network with multiple layers interleaved with ReLU activa-
tion functions. It predicts the confidence score evaluating
whether a sample belongs to real or synthetic videos. Fur-
ther details are provided in the appendix. The penultimate
layer features are used to construct the contrastive loss. For
any input generative video feature fg,, the loss encourages
pushing apart its closest real video feature, thereby making



real video feature more distinguishable. It is computed as:

comrasuve Z exXp ( H gen r(ejdgz)) H ) (1)

where fr(ejal ) is the closest real video feature to fu) gen in Eu-

clidean distance. The total loss function combines the clas-
sification loss Ls and contrastive 10ss Lcongrastive @S follows:

L= Lcls + /\Lcontrastive~ (2)

As the network learns to distinguish between real and syn-
thetic videos, its confidence scores serve as a quantitative
metric for assessing how closely an input video resembles
real-world videos in 3D visual coherence. To interpret its
predictions and understand the underlying evidence, we ap-
ply Grad-CAM [48], which generates a class-discriminative
localization map by backpropagating gradients to the last
convolutional layer. This map highlights the video regions
that mostly influence the model’s decision (see Fig. 4).

Feature fusion for comprehensive scores. Since video
content inherently combines appearance, motion, and ge-
ometry, we design a feature fusion module for a more ro-
bust and comprehensive evaluation. Within the network, we
concatenate features from these three aspects:

ffused = Concat (fappa fm0t7 fgeo) 5 3)

where fypp, fiuor, and fye, represent the features for appear-
ance, motion, and geometry. The fused representation in our
Fusion variant of L3DE produces an overall score, jointly
accounting for all three aspects. This holistic evaluation
provides a more comprehensive measure of 3D visual co-
herence, complementing single-aspect assessments.

5. Validation of L3DE

To validate L3DE’s reliability in evaluating 3D visual co-
herence, we employ two complementary strategies: 3D re-
construction and human perceptual judgment. 3D recon-
struction objectively assesses how well Al-generated videos
preserve spatial structure and motion realism. However,
pose estimation often fails on in-the-wild videos, meaning
that only a subset of videos— those where camera parameters
can be reliably estimated— can be reconstructed for valida-
tion. Within this subset, we use reconstruction to precisely
verify L3DE’s predicted scores and detected regions. Be-
yond this subset, human perception provides a more flexi-
ble and perceptually grounded evaluation of 3D visual co-
herence, as it is not constrained by camera estimation fail-
ures. This allows us to confirm that L3DE remains effective
across a wider range of generative videos.

5.1. Validation using 3D Reconstruction

We conduct 3D reconstruction experiments in two con-
trolled settings to assess the correlation between L3DE

Correlation with L3DE Fusion Appearance Motion Geometry
3D Reconstruction Quality 0.7566 0.7181 0.6669 0.3142
Human Ratings 0.6460 0.5643 0.4617 0.3479

Table 2. Spearman correlation between L3DE scores and different
reference evaluations. The first row shows correlation with 3D re-
construction quality, while the second shows correlation with hu-
man ratings on the same verification dataset.

Appearance Motion Geometry

Mean Pixel Error
Mean Pixel Error
Mean Pixel Error

Activation Value Range Activation Value Range Activation Value Range

Figure 2. Illustration of the statistics of activation value, pixel
value error and the distribution of pixel number for each proxy.

scores and 3D rendering quality. Additionally, we exam-
ine whether L3DE’s detected inconsistencies align with re-
construction errors by comparing its localized regions to
rendering-based discrepancy maps. These experiments uti-
lize the 3D reconstruction verification dataset (Table 1).

L3DE score v.s. 3D rendering quality. We evaluate the
correlation between L3DE scores and 3D reconstruction
quality by optimizing a 3D representation, such as 3D-GS
[20], across all video frames to reconstruct each scene. To
ensure a more adaptive evaluation, we use the “Twin Videos
for Public Scene Datasets’ from the 3D reconstruction veri-
fication set, which provides real and synthetic videos of the
same content for fair comparisons. For static scenes, we
assess L3DE’s appearance and geometry scores by measur-
ing visual fidelity and spatial accuracy. For dynamic scenes,
we focus on validating the motion score by analyzing tem-
poral coherence and movement realism. Specifically, we
use 3D-GS [20] for static scenes and SC-GS [17] for dy-
namic scenes. Rendering quality is quantified using Peak
Signal-to-Noise Ratio (PSNR). To compensate for content-
dependent variations in PSNR, we normalize the rendering
quality of synthetic videos Qgynthetic Telative to that of real
videos (- This normalization mitigates scene-specific
biases, leading to a more robust assessment. The normal-
ized quality difference is defined as :

AQ = max (Qreal - stnthelic> O) . 4)

To quantify the disparity between real and synthetic videos,
we define the simulation gap G based on L3DE scores S

G=1-8. (5)

We then evaluate L3DE’s ability to capture 3D rendering
quality by computing the correlation between AQ and G.
As shown in Table 2, L3DE scores are positively correlated



Real Synthetic Real

Synthetic

Figure 3. Frames and reconstruction results of twin videos. Even though synthetic videos appear plausible, they do not achieve the
same level of 3D scene reconstruction accuracy as real videos (see the Shrunken Gaussians in the rightmost column). This discrepancy
underscores a key limitation: current generative videos are not yet adept at faithfully simulating the world in terms of 3D visual coherence.

Case Two Case One

Case Three

(b) Rendered Frame

(a) Al-generated Frame

(c) Pixel Difference

Mean Pixel Error
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(d) Grad-CAM Result (e) Activation Alignment

Figure 4. Illustration of 3D inconsistencies identified by L3DE. From left to right: (a) Al-generated video frame; (b) rendered frame with
3D reconstruction with pose aligned with the original view; (c) pixel-level difference between (a) and (b); (d) Grad-CAM result from the
L3DE network, which closely aligns with (c); (e) Blue solid line: large (normalized) activation value in (d) is highly aligned with large
mean pixel value error in (c). Green dashed line: areas with high (normalized) activation values cover only a small portion of the entire
frame. L3DE identifies key artifacts in the cases: (1) unnatural hand motion in the first case, reflected in a low motion score of 0.4642; (2)
abrupt geometric deformation of the marked object in the second case, with a geometry score of 0.637; and (3) sudden texture changes in
the chair and table in the third case, resulting in an appearance score of 0.2578.

with 3D rendering quality, indicating that higher L3DE
scores correspond to the superior rendering fidelity. No-
tably, our L3DE fusion model achieves the highest corre-
lation of 0.7566, demonstrating strong alignment with the
reconstruction-based evaluation.

L3DE localized region vs. inconsistent region. We as-

sess L3DE’s ability to localize 3D-inconsistent regions in
Al-generated videos using the ‘Generated Videos for In-
the-wild Scenes’ from the 3D reconstruction verification
dataset. Grad-CAM [48] highlights the regions L3DE fo-
cuses on for real-fake classification. To establish refer-
ence 3D-inconsistent regions, we split the dataset into train-
ing and test sets, ensuring discrepancies are measured only



from test viewpoints to mitigate overfitting effects in GS-
based reconstruction. We then quantify the alignment be-
tween L3DE-detected regions and rendering-based discrep-
ancy maps. Fig. 2 presents the quantitative correlation
results, demonstrating strong alignment between L3DE-
detected and rendering-inconsistent regions. Qualitative
comparisons are shown in Fig. 4.

5.2. Validation using Human Judgment

To complement reconstruction-based validation, we con-
duct human evaluations to assess whether L3DE scores and
detected regions align with human perception judgments.
This ensures that L3DE not only correlates with objective
reconstruction quality but also reflects subjective judgments
of 3D visual coherence.
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Figure 5. The correlation between L3DE scores and human rat-
ings. The X-axis represents the average human ratings and the
Y-axis represents the L3DE scores.

L3DE scores v.s. human ratings. First, We validate the
correlation between L3DE scores and human evaluations
through a user study involving 15 participants who provided
4,500 annotations on 300 randomly selected Al-generated
videos, rating their realism in terms of 3D visual coher-
ence. More details on the study setup are provided in the
appendix. For each video, we compute the average partic-
ipant rating as the human rating. We then evaluate L3DE
scores across appearance, geometry, motion, and their fu-
sion. We then compute the Spearman correlation between
these scores and the human ratings. As shown in Fig. 5,
L3DE scores exhibit a strong positive correlation with hu-
man evaluations, confirming their reliability in assessing
generative videos. Notably, the fusion score achieves the
highest correlation, underscoring the effectiveness of our
fusion strategy. Additionally, we analyze human ratings for

the videos used in the rendering quality experiments and
compute their correlation with L3DE scores. It shows that
L3DE consistently aligns with both reconstruction quality
and human judgment on the same dataset (see Table 2).

‘ Appearance Motion Geometry
0.8600 0.7200 0.7400
0.4894 0.4026 0.4317

Average score ‘

Spearman’s p ‘

Table 3. Average human plausibility scores on the Grad-CAM
visualization and correlation between L3DE localized region and
human-annotated region from different aspects.

L3DE localized region v.s. human plausibility. We fur-
ther validate L3DE’s localized regions through an addi-
tional user study. 10 volunteers are shown highlighted
regions from both L3DE and randomly generated maps,
without disclosure of their source to prevent bias. Each
participant rates the plausibility of the highlighted regions
on a 1-5 scale, with scores subsequently normalized. As
shown in Table 3, L3DE achieves a significantly higher
score (0.7-0.8) compared to random maps (average 0.21,
minimum 0.2). To reinforce our validation, we conduct a
second experiment where 10 participants annotate unreal-
istic regions in 30 unseen videos. The correlation between
these annotations and L3DE-detected regions (Table 3) fur-
ther confirms that L3DE effectively aligns with human per-
ception of unrealistic content.

6. Analysis and Applications of L3DE

6.1. Comparison with Existing Metrics

While existing methods such as VBench [18] and Eval-
Crafter [26] provide general-purpose video evaluation, they
do not specifically assess 3D visual coherence. To com-
pare them with L3DE, we select relevant metrics from each
benchmark that focus on spatial and temporal consistency.
We evaluate them based on their correlation with human
judgments, following the standard approach for validating
evaluation methods [18, 26]. As shown in Table 4, L3DE
achieves a stronger correlation with human ratings than ex-
isting metrics, demonstrating its effectiveness in assessing
3D realism in generative videos. Beyond correlation analy-
sis, L3DE also introduces unique capabilities, such as iden-
tifying unrealistic areas—an aspect missing from existing
metrics—which enhances interpretability and provides ac-
tionable insights for improving generative models.

6.2. Benchmarking Video Generation Models

Given that L3DE effectively evaluates the 3D visual co-
herence of generative videos, we expand video generation
model benchmarking by introducing 3D visual simulation
capabilities as a new assessment dimension, which has been



Metric Method Spearman’s p
Subject Consistency VBench [18] 3.90
Background Consistency VBench [18] 20.68
Motion Smoothness VBench [18] 19.99
Temporal Consistency EvalCrafter [26] 13.85
L3DE Fusion Score L3DE 64.84

Table 4. Correlation of L3DE scores and automatic metrics from
different baselines with human ratings.

Generators Fusion Appearance Motion Geometry

Runway-Gen3 [42] 0.7162 0.6946 0.5768 0.6739

MiniMax [32] 0.7932 0.7714 0.6098 0.7251
Vidu [49] 0.7052 0.6406 0.6228 0.7615
Luma 1.6 [28] 0.5062 0.4950 0.5853 0.6800
Kling 1.5 [23] 0.7518 0.7247 0.5926 0.6927
CogVideoX-5B [59] = 0.6104 0.5893 0.6203 0.7539
Sora [5] 0.8895 0.8394 0.6467 0.7458
Kling 2.1 [23] 0.8904 0.8129 0.6735 0.7623
Real Videos 0.9999 0.9950 0.8321 0.8435

Table 5. Benchmarking results of generative models. The Fu-
sion column, highlighted as the primary L3DE ranking, represents
the overall 3D visual coherence. Real videos achieve near-perfect
scores, serving as an empirical upper bound for L3DE.

largely overlooked in existing benchmarks. Using the data
outlined in Sec. 3, we evaluate leading generative models
based on their ability to simulate the 3D visual world and
present our findings below.

Quantitative Studies. To benchmark generative models,
we compute the average L3DE score across all generated
videos for each model. The fusion score represents the
model’s overall evaluation, while individual scores for ap-
pearance, motion, and geometry are also reported. The eval-
uation results are shown in Table 5 and the model rank-
ings strongly correlate with large-scale human-preference
benchmarks [1] (see appendix), confirming the robustness
and generalizability of L3DE. Based on the overall fusion
score, Kling 2.1 [23] and Sora [5] produces the highest-
quality videos in terms of 3D visual simulation assessment.
While these models excel in appearance simulation, their
motion and geometry scores remain significantly lower,
with minimal variation among models. As a reference, we
calculate L3DE scores for a large set of 14,000 real video
clips and they achieve an average fusion score of 0.9999,
reaffirming the reliability of L3DE. Kling’s and Sora’s fu-
sion and appearance scores exceed 0.8, but their motion and
geometry scores are notably lower, indicating potential ar-
eas for improvement. These findings indicate that:
* While some videos generated by leading models achieve
high L3DE scores, most still exhibit significant gaps in
3D visual coherence compared to real videos.

* The primary distinction among video generation mod-
els lies in their ability to simulate appearance, whereas
their motion and geometry performance remains notably
lower, lacking the fidelity of real-world videos.

Qualitative Studies. We analyze the Grad-CAM results
from the fusion version of L3DE and observe that, while
it provides less direct interpretability compared to individ-
ual aspects, it effectively captures more complex artifacts.
For instance, Fusion Grad-CAM effectively identifies phys-
ically implausible interactions, such as issues with liquid,
glass, and human scaling. For more qualitative studies,
please refer to the supplementary. These findings indicate
that integrating multiple cues in L3DE enhances its capabil-
ity to detect higher-level inconsistencies beyond individual
appearance, motion, or geometry assessments.

6.3. Applications

We further demonstrate several downstream applications of
L3DE, including fake video detection by applying a thresh-
old on the prediction score and enhancing generative video
quality by inpainting regions identified by L3DE. More de-
tails on these applications can be found in the appendix.

7. Conclusion and Discussion

We present Learned 3D Evaluation (L3DE), a robust and
interpretable framework for assessing the 3D visual co-
herence of generative videos. By leveraging monocular
3D cues—motion, depth, and appearance—from founda-
tion models, L3DE provides an objective and quantifiable
measure of discrepancies between real and synthetic videos.
Extensive experiments demonstrate L3DE’s effectiveness in
evaluating videos from generative models, revealing signif-
icant 3D simulation gaps and subtle inconsistencies that are
often overlooked by human observers. L3DE aligns well
with reconstruction quality and human judgment, validating
its role as an analytical tool and deepfake detector. Beyond
evaluation, L3DE’s insights can inform video synthesis im-
provements, offering a promising avenue for enhancing the
realism of Al-generated content. Overall, L3DE presents a
powerful tool for advancing our understanding of Al’s ca-
pabilities in simulating the 3D visual world, with broad ap-
plications in video generation and evaluation.
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