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Abstract

Understanding 4D scenes is a core challenge in visual intelligence, requiring
models to jointly capture scene geometry, appearance, and dynamics from partial
observations. Existing approaches, however, are subdivided into feedforward mod-
els that are used for direct geometric prediction and generative models for visual
synthesis. We propose a unified generative-predictive framework for 4D scene
understanding that jointly models RGB video and geometric representations such
as depth and camera pose with a single joint generative model. Our generative
formulation enables us to learn from diverse, heterogeneous datasets with different
subsets of geometric and visual annotations, and enables us to condition on arbi-
trary subsets of inputs, allowing a single model to perform cross-modal generation,
geometric prediction, and future scene inference from partial observations. In
addition, our generative approach enables test-time search over multiple candi-
date scene completions, improving geometric prediction from sparse observations.
Overall, we illustrate the efficacy of our generative-predictive framework on a suite
of generation and prediction tasks.

1 Introduction

For embodied agents to perceive and act intelligently in the physical world, they must understand
its 3D structure and predict how it will evolve over time [9, 47, 3]. However, visual observations
provide only partial 2D projections of the world, each capturing a limited set of viewpoints, visible
surfaces, and changes over time. Robust 4D scene understanding therefore requires inferring what is
not directly observed, namely the 3D geometry, camera viewpoint, scene appearance from unseen
views, and scene evolution.

Current methods have made strong progress on different parts of this problem, but they are often
separated into geometric prediction and visual generation. Feedforward models can directly estimate
scene geometry, including depth, camera pose, and 3D structure, from images or videos. These
methods are efficient and often accurate under the training distribution, but they typically produce a
single deterministic estimate and can struggle when the observations are sparse or out of distribution.
Generative models, in contrast, learn strong visual priors for completing missing observations,
synthesizing novel views, and predicting plausible dynamic futures. However, they often lack explicit
geometric grounding, which can lead to outputs that are visually plausible but inconsistent in 3D.
Recent work has begun to narrow this gap by repurposing generative video models for geometric
prediction [16, 25, 61], or by injecting geometric representations into generative models to improve
3D consistency [28, 43, 15]. Nevertheless, generation and prediction are still commonly treated as
separate capabilities, rather than as two forms of inference in the same underlying scene model.

In this work, we take a different view: visual generation and geometric prediction are not separate
problems. They can instead be different conditional queries of the same underlying 4D scene model.

∗Equal contribution.
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Figure 1: A unified model for generation and prediction. We formulate visual generation and geometric
prediction as conditional completion in a single joint model over RGB, depth, and camera pose. Given arbitrary
partial observations, ranging from a text prompt to RGB sequences with geometric cues, our model jointly uses
these modalities to infer a complete 4D scene representation, enabling both generation from sparse inputs and
geometric prediction from observations.

The appearance (RGB video), 3D structure (depth), and viewpoint (camera geometry) all provide
complementary observations of a dynamic scene. Depending on what is observed, a joint model can
infer missing scene components from the observed ones.

We instantiate this formulation by representing RGB, depth, and camera geometry as spatially aligned
modalities, with camera pose encoded as dense ray maps. A multimodal transformer jointly processes
these representation through shared self-attention and modality-specific layers. Modality flexibility is
achieved through an extension of Diffusion Forcing [8]: different tasks are specified through noise
patterns over both modality and time, where observed components serve as conditioning context and
missing components are denoised. This conditional completion mechanism enables the same model
to condition on a text prompt, a single RGB frame, an RGB sequence, camera poses, depth maps, or
any combination of these, and complete the remaining modalities. Moreover, the model can learn
from heterogeneous datasets by applying the loss only on available modalities, instead of requiring
every example to contain complete annotations of pose and depth.

Our generative formulation also enables inference-time search over multiple plausible scene comple-
tions. Instead of committing to a single geometric prediction, we sample multiple candidates and
select the one with the strongest cross-modal consistency, measured through photometric reprojection.
This inference-time search capability is also consistent with the cognitive theory of perception as infer-
ence: human scene understanding requires inferring latent scene causes from incomplete observations,
and may rely on internal simulation to evaluate possible scene explanations [19, 51, 2, 26].

Overall, our contributions are threefold: i) We formulate 4D scene understanding as joint generative
modeling over appearance and geometry, treating visual generation and geometric prediction as
missing-modality completion within a single conditional model. ii) We introduce a unified generative-
predictive model that represents RGB, depth, and camera pose as spatially aligned modalities, enabling
arbitrary conditioning and learning from heterogeneous datasets with incomplete supervision. iii)
Finally, we leverage the generative formulation for inference-time search over multiple 4D scene
hypotheses, using geometric consistency to improve geometric prediction.

2 Related Work

Generative Modeling for 4D Scene Understanding. Geometric prediction is largely dominated by
feedforward discriminative models that regress depth, camera pose, and scene flow, or 3D structure
from visual observations [39, 20, 53, 37, 30, 45, 41, 18]. While these methods achieve strong
performance, they typically produce deterministic, single-pass estimates that struggle with inherent
visual ambiguities, including sparse-view observations. To address these limitations, recent work has
explored generative priors for pose estimation [7, 52], depth prediction [17, 13, 29], and dynamic 4D
reconstruction [16, 61]. Generative models have also been used for novel view synthesis [50, 49].
However, these methods typically treat geometric prediction as a unidirectional mapping from RGB
to specific geometric outputs and rely on strictly paired datasets.
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Figure 2: Generative-predictive transformer. We model RGB, depth, and camera pose as spatially aligned
tokens, with camera pose represented as dense ray maps. Partial observations are zero-noise context tokens,
while missing modalities are noisy tokens to be denoised. A unified transformer processes all tokens with
modality-specific projections and feed-forward layers together with shared multimodal self-attention, enabling
information exchange across modalities. The decoded RGB, depth, and ray maps form a complete 4D scene
representation for cross-modal generation, geometric prediction, and inference-time consistency search.

Geometry-aware video and 4D generation. Recent generative world models have advanced
from purely visual synthesis [4, 35, 1, 9] toward geometry-aware generation. One line of work
injects 3D scene structure or persistent spatial memory into video generation to improve spatial
consistency [28, 54, 15, 44, 58, 46]. Another line studies camera-conditioned generation, using
camera trajectories to control synthesized videos [12, 57, 42]. More closely related, One4D [25]
and WorldReel [11] jointly generate RGB frames and 4D geometric representations from text or
RGB prompts. However, these methods typically follow fixed conditioning and output pathways.
In contrast, we treat RGB, depth, and camera rays as symmetric modalities, enabling an any-to-any
conditional completion framework for both generation and prediction.

Unified conditional modeling. Our work is related to flexible conditional generation, where diverse
tasks are cast as missing-modality completion. Mixture-of-Transformers (MoT) architectures [21],
such as Motus [3] and DreamZero [47], show that a single model can process heterogeneous modal-
ities. For flexible conditioning, we build on Diffusion Forcing [8] and DFoT [33], which assign
different noise levels to different tokens or frames. Recent works extend this paradigm for long-
horizon video generation or embodied planning [10, 38]; in contrast, we apply it to multimodal 4D
scene understanding, treating RGB, depth, and camera geometry as symmetric components. This
probabilistic formulation also enables inference-time search. Motivated by test-time scaling [55, 24],
we use additional inference compute to compare multiple candidate scene completions. We then select
the candidate with stronger photometric reprojection consistency to improve geometric prediction.

3 Method

We propose a unified generative-predictive framework for 4D scene understanding. Given partial
observations of a scene, our goal is to infer a complete scene representation containing appearance,
depth, and camera geometry. We formulate both visual generation and geometric prediction as
conditional completion in a joint generative model over spatially aligned RGB, depth, and camera-ray
modalities. We specify each task by a noise pattern over multimodal tokens, with observed tokens
as zero-noise context and missing tokens as noisy targets. The framework supports heterogeneous
training data with incomplete modality supervision, arbitrary partial conditioning, and test-time
search over multiple 4D scene hypotheses.

3.1 Unified 4D Scene Representation

We represent a 4D scene as a multimodal sequence of N frames. Each frame i contains an RGB image
Ii, the depth map Di, camera parameters Ci = (Ki, Ti), where Ki denotes the camera intrinsics and
Ti denotes the camera extrinsics. In practice, only a subset of this information may be observed. An
example may contain one or more RGB frames, optionally with depth or camera parameters, or only
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Figure 3: Conditional completion with noise as masking. We specify each task by the clean/noisy pattern
over RGB, depth, camera-ray, and text tokens. Clean tokens provide observed context, while noisy tokens are
denoised as missing targets, enabling generation and prediction with the same model architecture.

a text prompt. Our model is therefore designed to infer missing scene components from arbitrary
partial observations.

To spatially align camera geometry with RGB and depth, we represent camera parameters Ci as a
dense map of 6D Plücker rays, following prior ray-based scene and camera representations [32, 52].
This representation turns camera geometry into an image-like modality. Each pixel (u, v) is associated
with a ray moment mi(u, v) in a common world coordinate system, constructed from the viewing
direction di(u, v) and the camera center oi.

Ri(u, v) = (di(u, v),mi(u, v)) , mi(u, v) = oi × di(u, v). (1)

The resulting scene representation S contains the appearance and local 3D geometry for each frame i:

S = {(Ii, Di, Ri)}Ni=1.

3.2 Generative-Predictive Transformer

Given the spatially aligned representation S, we design a multimodal diffusion transformer that
jointly processes appearance, depth, and camera-ray geometry (Fig. 2).

Aligned Modality Tokenization. RGB frames and depth maps are encoded into latent tokens using a
VAE encoder, producing zI and zD. Before encoding, we normalize depth and camera rays using a
shared scale factor, making reprojection and cross-frame geometric consistency well defined. Ray
maps are downsampled to the latent spatial resolution and projected directly into ray-map tokens.
Since a ray map contains both ray directions and ray moments, we represent it with two token groups
zR = [zRd ; zRm ], where zRd denotes ray-direction tokens and zRm denotes ray-moment tokens. The
complete multimodal token sequence is

z = [zI ; zD; zRd ; zRm ].

Each token is processed with modality specific patch embedding layers and a spatiotemporal RoPE
positional encoding over latent spatial coordinates and the frame index [34].

At the output stage, RGB and depth tokens are decoded back to pixel space using the VAE decoder.
Ray map tokens are directly mapped back to dense ray maps, which can be converted back to camera
parameters Ci including rotation, translation, and intrinsics.

Diffusion Mixture-of-Transformers. The backbone uses a mixture-of-transformers [21] design.
Each modality has its own input projections, allowing for modality-specific representation structure.
After modality-specific projection, all modalities are concatenated and processed by shared self-
attention, where information can be exchanged across modalities. Modalities are then separated again
to modality-specific feed-forward layers and output heads. Optional text prompts are injected through
cross-attention layers.

Each token has its own diffusion timestep. These timesteps are embedded and injected into transformer
blocks through adaptive layer normalization modulation [27], allowing the model to process clean
context tokens and noisy target tokens at different noise levels.

3.3 Conditional Completion with Noise as Masking

We formulate generation and geometric prediction as conditional denoising over a shared multimodal
representation. Let M = {I,D,Rd, Rm} denote the set of modalities, and let zmi,0 denote the clean
latent token at spatiotemporal position i for modality m. Which modalities are revealed or corrupted

4



specify different tasks without changing the architecture. For example, RGB-conditioned geometric
prediction reveals RGB tokens while treating depth and camera-ray tokens as prediction targets.

Task Specification by Noise Pattern.

Diffusion forcing enables flexible conditional generation by assigning independently sampled noise
levels across temporal positions [8]. We extend this formulation to multimodal sequences, allowing
noise levels tmi ∈ [0, 1] to vary across both modalities and temporal positions. We construct the noisy
input z̃mi through linear interpolation of the clean token and Gaussian noise

z̃mi = (1− tmi )zmi,0 + tmi ϵmi , ϵmi ∼ N (0, I). (2)

At tmi = 0, the token is fully clean, while at tmi = 1, it is pure noise. By varying the noise levels
across both modality and temporal position, we realize different conditional generation and prediction
tasks without modifying the model architecture.

Training with Heterogeneous Data. During training, we sample conditioning patterns that designate
subsets of multimodal tokens as context, and the remainder as prediction targets. Context tokens
receive either zero or reduced noise levels, while target tokens have independently sampled noise
levels. With probability pclean, context noise levels are set to tmi = 0 to allow for fully clean context
conditioning.

The model is trained using conditional Flow Matching [23], with target velocity vmi = ∂z̃mi /∂tmi =
ϵmi − zmi,0. Given the corrupted multimodal tokens z̃, noise levels t, and optional text conditioning c,
the model predicts v̂ = fθ(z̃, t, c), with the loss:

LFM = Et,ϵ

 ∑
i, m∈M

ami λm ∥v̂mi − vmi ∥22

 . (3)

λm is a weight balancing the losses for each modality. Modality availability is denoted as ami ∈ {0, 1}.
The availability mask allows a single model to be trained using heterogeneous mixes of RGB-only,
RGB-camera, RGB-depth, and RGB-depth-camera data.

Inference with History Guidance. At inference time, the same noise pattern is used, but conditioning
is stricter. Observed tokens are clamped to their clean values at every denoising step and assigned
tmi = 0, while unknown tokens are initialized from Gaussian noise and progressively denoised. For
example, in a first-last-frame camera-controlled setting, the first and last RGB tokens and all camera
ray tokens are clamped as context, while intermediate RGB and depth tokens are generated. If depth
is not provided as an input, it is not clamped and is inferred jointly with the generated RGB sequence.

We also use History Guidance [33] to strengthen consistency with the observed context. Let H
denote the observed history context tokens, including RGB frames, ray maps, depth maps, or any
combination of modalities. We compute a history-conditioned flow v̂H with tokens in H clamped
to their observed values, and a history-masked flow v̂∅ by replacing the same context tokens with
random noise. The guided flow is

v̂HG = v̂H + w (v̂H − v̂∅) , (4)

where w is the history-guidance strength. This is analogous to classifier-free guidance, but the
dropped condition is the observed history/context rather than the text prompt.

3.4 Inference-time Search

The generative formulation also enables inference-time search. Given the same observed context, we
sample L candidate completions by running the denoising process from different random initializa-
tions. Each sample yields a complete 4D scene hypothesis:

Ŝ(ℓ) = {(Î(ℓ)i , D̂
(ℓ)
i , R̂

(ℓ)
i )}Ni=1, ℓ = 1, . . . , L.

From this set, we then choose the candidate that is most geometrically self-consistent. For each
candidate, we evaluate a photometric reprojection error on a lightweight set of frame pairs, measuring
whether a candidate’s RGB, depth, and camera predictions are mutually consistent. For each pair
(i, j), we reproject the RGB from frame i to the perspective of frame j using the predicted depth and
camera geometry, and then compare it to the candidate’s RGB prediction of frame j. Candidates with
inconsistent geometry or appearance produce inaccurate warps and have higher error.

5



DL3DV-10K SpatialVID RealEstate10K

Input

GT

Ours

SEVA

WAN

Dfot

Figure 4: Camera-controlled generation qualitative results. The first row shows input samples with start/end
images and target camera trajectories, and each following row shows synthesized novel views from one method.
Our model produces competitive camera-conditioned generations, better preserving scene identity and dynamic
content under camera motion compared with generic video-completion baselines.

4 Experiments

We evaluate the proposed unified generative-predictive model on a suite of 4D scene understanding
tasks, including camera-controlled generation (Sec. 4.2) and geometric prediction under both dense
and sparse observation settings, covering camera pose estimation (Sec. 4.3) and video depth estimation
(Sec. 4.4). We show that a single unified model handles all tasks by changing only the clean/noisy
masking pattern, without task-specific architectures. We further show that its generative formulation
enables inference-time search, improving prediction quality (Sec. 4.5). Additional visualizations are
provided in the supplementary material.

4.1 Model Training

We train on a weighted mixture of real, synthetic, and robotic video datasets, including DL3DV-
10K [22], RealEstate10K [59], SpatialVID [36], ScanNet++ [48], AgiBot World [5], OmniWorld [60],
Virtual-KITTI2 [6], and PointOdyssey [56]. These datasets provide heterogeneous supervision over
RGB video, depth, camera pose, and text, and missing modalities are omitted from the loss. We train
with multiple clean/noisy patterns over RGB, depth, and camera-ray tokens to cover both generation
and geometric prediction. We initialize from Wan2.1-T2V-1.3B, finetune the diffusion transformer
while freezing the VAE and text encoder, and train on 50-frame clips at 240×320 resolution and 10
FPS. Additional optimizer, compute, and preprocessing details are provided in the appendix.

4.2 Camera-Controlled Generation

We evaluate the unified model on camera-controlled video generation, testing whether camera-
ray conditioning can guide visual synthesis while preserving appearance and scene layout across
viewpoint changes.

Benchmarks and Metrics. We evaluate on RealEstate10K, SpatialVID, and DL3DV, covering
diverse indoor and outdoor scenes. For each sequence, either the first RGB frame or the first and
last RGB frames, together with the target camera trajectory, are provided as context, and the model
generates the remaining frames. We evaluate the generated frames against ground-truth videos using
PSNR, SSIM, and LPIPS.

Baselines. We compare quantitatively against Aether and SEVA [57], and qualitatively against
Wan2.1-FLF-14B in a first-last-frame conditioning setting [35] and DFoT [33]. These baselines
represent unified generation and geometry prediction, diffusion-based novel view synthesis, endpoint-
conditioned video generation, and diffusion-forcing-based video completion, respectively. In contrast
to the task-specific baselines, we use the same multimodal architecture for both camera-controlled
generation and geometry prediction.
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Table 1: Camera-controlled generation results. We report PSNR (↑), LPIPS (↓), and SSIM (↑) on
RealEstate10K, SpatialVID, and DL3DV.

Method RealEstate10K SpatialVID DL3DV
PSNR LPIPS SSIM PSNR LPIPS SSIM PSNR LPIPS SSIM

2-
vi

ew
Aether 20.02 0.196 0.624 13.84 0.489 0.334 13.14 0.399 0.243
SEVA 25.25 0.081 0.838 15.44 0.344 0.466 17.61 0.211 0.552
Ours 25.73 0.061 0.849 16.99 0.288 0.535 16.61 0.239 0.495

1-
vi

ew

Aether 15.79 0.335 0.469 11.81 0.632 0.283 11.96 0.506 0.240
SEVA 19.58 0.194 0.703 13.35 0.472 0.343 13.50 0.393 0.335
Ours 21.79 0.150 0.779 14.86 0.428 0.405 13.92 0.385 0.346

Input
Video Ours RayDiffusion Geo4D Input

Video Ours RayDiffusion Geo4D

Figure 5: Qualitative comparison of estimated camera trajectories. The temporal evolution of each trajectory
is encoded by a color gradient, from purple (start) to red (end). The leftmost column shows representative RGB
frames from the input video. Compared with Geo4D and RayDiffusion, our predicted trajectories more closely
follow the ground-truth trajectory, with better overall structure in challenging cases.

Evaluation results. Camera-controlled generation results are shown in Table 1. Although not trained
solely for novel-view synthesis, our model remains competitive across camera-conditioned generation
benchmarks. It achieves the best PSNR, LPIPS, and SSIM on all three datasets in the one-view
setting and on RealEstate10K and SpatialVID in the two-view setting; SEVA remains stronger on
two-view DL3DV. This shows that ray-map conditioning supports accurate camera control, even
within a broader RGB-depth-camera completion model. We visualize generated examples in Figure 4.
Wan2.1-FLF does not take camera trajectories as input, and therefore struggles with complex camera
motion. Compared with SEVA and DFoT, our model better preserves dynamic content, while SEVA
is primarily designed for static scenes and DFoT can distort or remove moving humans.

4.3 Camera Pose Estimation

We evaluate camera pose estimation from RGB observations in dense and sparse settings, conditioning
on either the full video or only the first and last frames. Camera-ray tokens are denoised and converted
back into camera parameters, testing whether camera geometry can be predicted as a missing modality
within the same conditional-completion framework.

Benchmarks and Metrics. We report results on RealEstate10K, Sintel, TUM, ScanNetV2, and
ScanNet++. Following Geo4D [16], we align predicted trajectories to ground truth using Sim(3)
Umeyama alignment and report ATE, RPEt, and RPEr.

Baselines. We compare quantitatively against Geo4D [16], Gen3R, and Aether, and qualitatively
against RayDiffusion [52]. Geo4D estimates 4D geometry using a generative video prior, while
RayDiffusion directly models camera rays through a diffusion denoising process. The geometry-
focused baselines are more specialized for pose estimation, whereas our model predicts camera rays
as part of a broader RGB-depth-camera scene representation.

Evaluation results. Table 2 reports camera pose estimation results. In the dense setting, where the
full RGB sequence is observed, our model obtains the lowest ATE and translation RPE on all five
datasets. For example, ATE is reduced from 0.190 to 0.089 on ScanNet++ compared with Geo4D.
These improvements show that predicting camera rays as dense spatial tokens provides accurate
global trajectory estimates and locally consistent translations. Figure 5 visualizes representative
trajectories. Our predictions better follow the ground-truth motion, while RayDiffusion and Geo4D
often produce collapsed paths in challenging settings.

The sparse setting is more challenging, since only the first and last RGB frames are provided. Here,
the advantage of the generative formulation becomes more pronounced, with our model obtaining
the lowest ATE and translation RPE across all five datasets. This suggests that the model can infer
reasonable camera pose from sparse observations, where pose estimation is ambiguous and cannot
rely on local matching. By training with diverse conditioning patterns, the model learns a joint
RGB-camera prior over plausible trajectories between the observed views.
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Table 2: Camera pose estimation results. For dense evaluation, we report ATE (↓), RPEt (↓), and RPEr (↓,
degrees). For sparse evaluation, where only the two observed frames are scored, we report translation angular
error (tAE, ↓) and RPEr (↓, degrees). Ours uses shared intrinsics.

Method RealEstate10K Sintel TUM ScanNetV2 ScanNet++
ATE RPEt RPEr ATE RPEt RPEr ATE RPEt RPEr ATE RPEt RPEr ATE RPEt RPEr

D
en

se
Geo4D 0.026 0.028 0.147 0.160 0.097 0.911 0.052 0.029 1.414 0.074 0.044 1.762 0.190 0.090 5.591
Gen3R 0.030 0.011 0.141 0.233 0.066 1.538 0.046 0.016 0.943 0.075 0.024 1.018 0.232 0.066 5.760
Aether 0.018 0.014 0.851 0.180 0.867 1.354 0.041 0.016 1.462 0.075 0.030 1.617 0.225 0.068 5.944
Ours 0.010 0.004 0.075 0.107 0.034 0.680 0.017 0.007 1.051 0.039 0.016 0.943 0.089 0.037 3.858

Method RealEstate10K Sintel TUM ScanNetV2 ScanNet++
tAE RPEr tAE RPEr tAE RPEr tAE RPEr tAE RPEr

Sp
ar

se
Geo4D 117.079 3.407 108.628 24.160 100.224 11.936 90.812 43.458 82.747 83.019
Gen3R 44.004 4.197 75.984 24.984 82.875 12.374 79.871 43.481 92.324 82.540
Aether 39.834 14.969 78.012 33.640 48.436 6.234 70.925 36.720 77.234 81.681
Ours 4.287 1.332 28.543 16.138 7.439 1.613 24.363 21.177 34.149 31.594

Input RGB GT Ours S1:Chrono S2:Geo4D Zoom-in (GT / Ours / S1 / S2)

Figure 6: Depth prediction qualitative comparison. The white box marks the region shown in the zoom-in
columns, ordered as GT, Ours, ChronoDepth, and Geo4D from left to right. Our predictions preserve sharper
local structures and object boundaries in the highlighted regions.

4.4 Depth Prediction

We evaluate depth prediction from RGB observations in dense and sparse settings. The dense setting
conditions on the full RGB video, while the sparse setting uses only the first and last frames. In both
cases, depth tokens are initialized from noise and denoised, testing whether the model learns a useful
geometric posterior over scene depth within the same conditional-completion framework.

Benchmarks and Metrics. We evaluate on ScanNet++, 7-Scenes [31], KITTI, Sintel, and Bonn.
These datasets cover driving scenes, synthetic video, and indoor RGB-D scans. Following Geo4D [16],
we apply video-level scale and shift alignment before evaluation, and report Abs Rel and δ < 1.25.

Baselines. We compare with Geo4D, ChronoDepth [29], Gen3R, Aether, and Marigold [17]. These
baselines include specialized depth and 4D geometry models as well as a unified model, while ours is
trained for RGB-depth-camera completion.

Evaluation results. We report depth prediction results in Table 3. Overall, our model is competitive
with specialized depth and 4D geometry baselines across both dense and sparse settings. In the
dense setting, it obtains the lowest Abs Rel and highest δ < 1.25 on ScanNet++ among the external
baselines. In the sparse setting, where only an image pair is available, our model improves over the
baselines on both metrics on 7-Scenes and Bonn. At the same time, Geo4D remains stronger on Sintel
and some 7-Scenes metrics, indicating that specialized geometry models still have advantages in some
settings. Figure 6 provides qualitative comparisons. The zoom-in crops show that our predictions
preserve sharper object boundaries and more coherent local structures in highlighted regions. This
suggests that joint RGB-depth training, together with the generative completion objective, helps the
model recover fine-scale depth discontinuities while maintaining globally coherent depth maps.

4.5 Test-Time Search on Geometric Prediction

We evaluate whether test-time search (TTS) improves geometric prediction by sampling multiple
RGB-depth-camera completions at inference time. For each input, we generate 16 candidates and
select the one with the lowest RGB reprojection error.

Table 3 reports the selected depth results as Ours (TTS). TTS improves several depth metrics,
especially in sparse settings, showing that the generative model can produce useful alternative scene
hypotheses. Figure 7 studies the effect of the number of sampled candidates on both pose and depth.
Larger search budgets often improve the selected result, but the gains are not uniform because RGB
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Table 3: Depth prediction results. We report Abs Rel (↓) and δ < 1.25 (↑) on ScanNet++, 7-Scenes, KITTI,
Sintel, and Bonn in dense and sparse settings.

Method ScanNet++ 7-Scenes KITTI Sintel Bonn
Rel δ1.25 Rel δ1.25 Rel δ1.25 Rel δ1.25 Rel δ1.25

D
en

se
ChronoDepth 0.177 0.724 0.116 0.871 0.120 0.857 0.394 0.530 0.092 0.920
Geo4D 0.106 0.894 0.080 0.923 0.097 0.923 0.247 0.676 0.057 0.972
Gen3R 0.157 0.772 0.079 0.937 0.185 0.777 0.414 0.520 0.168 0.805
Aether 0.166 0.769 0.109 0.898 0.056 0.975 0.351 0.607 0.095 0.911
Marigold 0.175 0.730 0.094 0.910 0.098 0.910 0.388 0.517 0.082 0.933
Ours 0.076 0.950 0.078 0.883 0.067 0.967 0.326 0.612 0.056 0.971
Ours (TTS) 0.075 0.949 0.086 0.916 0.068 0.956 0.297 0.645 0.077 0.955
Ours (TTS Oracle) 0.067 0.959 0.076 0.923 0.057 0.967 0.263 0.692 0.056 0.973

Sp
ar

se

ChronoDepth 0.199 0.700 0.130 0.844 0.089 0.905 0.424 0.487 0.072 0.960
Geo4D 0.177 0.737 0.098 0.912 0.100 0.897 0.310 0.554 0.067 0.966
Gen3R 0.238 0.620 0.124 0.867 0.104 0.888 0.347 0.510 0.127 0.847
Aether 0.269 0.567 0.167 0.772 0.149 0.786 0.487 0.424 0.138 0.849
Marigold 0.169 0.733 0.106 0.890 0.087 0.921 0.345 0.527 0.071 0.970
Ours 0.103 0.881 0.087 0.917 0.102 0.914 0.273 0.638 0.051 0.975
Ours (TTS) 0.104 0.875 0.086 0.919 0.093 0.917 0.237 0.668 0.048 0.978
Ours (TTS Oracle) 0.056 0.965 0.080 0.923 0.069 0.946 0.183 0.760 0.043 0.979

Figure 7: Test-time search with increasing sample budget. We sample 16 candidate completions and select
the one with the lowest RGB reprojection error. The dashed line shows the single-sample result, and the solid
curve shows the selected result as L increases. Search improves several pose and depth settings, showing that
the generative model produces useful candidate diversity.

reprojection error is only a proxy for ground-truth geometric accuracy. Overall, these results show
that inference-time search is a promising benefit of the generative formulation, while leaving room
for stronger search criteria.

4.6 Ablation Studies

Setup. All ablations fine-tune Wan2.1-1.3B on TartanAir [40] and RE10K under a matched budget:
7,500 optimizer steps at batch size 8 (60,000 clips), the same sampled clips, and identical hyperpa-
rameters. Each variant changes a single factor. To remove a task, we set its loss weight to zero and
replace its input tokens with noise; the remaining loss weights are not renormalized, so every retained
task receives the same supervision as in the full model. For the variant without RGB generation,
RGB remains a clean conditioning input.

Cross-task transfer. Removing one task degrades a different one (Table 4a–c). Without RGB
generation, KITTI depth Rel rises from 0.152 to 0.322; without depth prediction, ScanNetV2 RPEr

rises from 2.91◦ to 4.30◦; and without pose estimation, RE10K PSNR drops from 20.18 to 13.26 dB.
Joint training therefore helps each task, beyond merely sharing one network.

Heterogeneous data. RE10K provides RGB and camera supervision but no depth labels. Removing
it still worsens depth on both Bonn (Rel 0.135 to 0.239) and KITTI (0.152 to 0.196), so the availability
mask lets depth prediction benefit from depth-free data.
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Table 4: Ablations. Each row changes one training task, dataset, architecture, camera representation, or inference
setting. We report Rel (↓) and δ1.25 (↑) for depth, ATE (↓) and RPEr (↓, degrees) for pose, and PSNR (↑) for
generation. RE10K: RealEstate10K. Shading marks the best result within each block.

(a) Depth prediction

Bonn KITTI
Variant Rel δ1.25 Rel δ1.25

Full model 0.135 0.843 0.152 0.791
w/o RGB generation 0.178 0.782 0.322 0.486
w/o RE10K data 0.239 0.651 0.196 0.732
Single transformer 0.129 0.870 0.248 0.640

(b) Camera pose estimation

ScanNetV2 ScanNet++
Variant ATE RPEr ATE RPEr

Full model 0.074 2.91 0.193 6.18
w/o depth prediction 0.081 4.30 0.234 7.57
Single transformer 0.083 3.02 0.204 6.60
Dense ray maps 0.071 2.80 0.206 6.09
Global camera tokens 0.103 3.44 0.233 6.61

(c) Camera-controlled generation

PSNR
Variant RE10K SpatialVID DL3DV
Full model 20.18 13.67 12.60
w/o pose estimation 13.26 11.87 10.95
Single transformer 19.68 12.75 11.61
Global camera tokens 20.03 12.89 11.64

(d) History-guidance weight

ScanNetV2 ScanNet++
whist ATE RPEr ATE RPEr

0 0.0796 2.46 0.2170 5.77
1 0.0741 2.83 0.2089 6.09
2 0.0740 3.24 0.2091 6.45
4 0.0765 4.22 0.2141 7.70

Architecture and camera representation. Replacing the Mixture-of-Transformers with a single
shared transformer lowers pose accuracy, generation quality, and KITTI depth accuracy, although it is
slightly better on Bonn. Replacing dense ray maps with global camera tokens degrades pose on both
benchmarks and PSNR on all three, supporting image-aligned rays as the interface between camera
geometry and visual tokens.

History guidance. Moderate guidance (whist ∈ {1, 2}) gives the lowest ATE, whereas RPEr

increases monotonically with whist and whist = 4 degrades both (Table 4d). Figure 7 reports
sensitivity to the test-time search budget.

5 Conclusion
We present a unified generative-predictive framework for 4D scene understanding, formulating
visual generation and geometric prediction as conditional completion over RGB, depth, and camera
rays. By changing the clean/noisy pattern over multimodal tokens, a single model supports camera-
controlled generation and geometric prediction under dense and sparse observations, while learning
from heterogeneous datasets with different modality annotations. Across diverse datasets, our model
achieves competitive generation and depth prediction results, strong pose estimation performance, and
improved geometric prediction through test-time search. These results suggest that jointly modeling
appearance and geometry with generative models is a promising direction toward more general 4D
scene understanding.

Limitations. Our current model is not uniformly stronger than specialized methods: task-specific
NVS models still perform better on pixel-aligned metrics, and specialized geometry models remain
stronger on several indoor depth metrics. Future work could address these gaps with better dataset
balancing, stronger geometric supervision, and improved depth-camera consistency during training.
Our test-time search also relies on RGB reprojection error, which is useful but not uniformly reliable;
learned or multimodal consistency scores may provide stronger search criteria. Finally, training at
larger scale, higher resolution, and with more diverse data could further improve both visual detail
and geometric accuracy.
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A Visualizations
The supplementary zip file includes an HTML page with additional qualitative results for camera-
conditioned generation, camera pose estimation, and depth estimation across datasets.
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B Implementation Details

B.1 Datasets and Preprocessing

Datasets. We train a single model on a heterogeneous mixture of real, synthetic, and robotic
video datasets: DL3DV-10K [22], RealEstate10K [59], the SpatialVID subset [36], ScanNet++ [48],
AgiBot World [5], OmniWorld [60], Virtual KITTI 2 [6], and PointOdyssey [56]. The datasets
provide different subsets of RGB, depth, camera pose, and language supervision. This heterogeneity
is handled directly by diffusion forcing: unavailable modalities are treated as unobserved targets and
their losses are masked out, so datasets with incomplete annotations can still contribute to the shared
RGB and cross-modal representation.

Available modalities. For RealEstate10K and the SpatialVID subset, we use the provided RGB
frames and camera poses. For DL3DV-10K and ScanNet++, we use RGB frames and obtain depth
and camera-pose annotations using the VIPE [14] annotation pipeline. For AgiBot World, we use
RGB video supervision only. For synthetic datasets, including OmniWorld, Virtual KITTI 2, and
PointOdyssey, we use the available RGB, depth, and camera-pose annotations. We use language
conditioning when captions or scene descriptions are available: SpatialVID and AgiBot World
provide language descriptions, and we annotate DL3DV-10K and RealEstate10K with scene-level
description prompts. For the remaining datasets, we train without text conditioning.

Camera representation. We represent camera pose as a dense ray map aligned with the image plane.
For each pixel (u, v), the ray map stores a Plücker ray

Ri(u, v) = (di(u, v),mi(u, v)) , mi(u, v) = oi × di(u, v), (5)

where oi is the camera center and di(u, v) is the unit viewing direction in the world coordinate frame.
The ray direction encodes orientation and intrinsics, while the ray moment encodes the camera center
up to the common scene scale. In implementation, ray maps are stored as six-channel tensors with
channel order [d,m] and are downsampled to the latent spatial resolution.

Cross-dataset normalization. To make supervision from different datasets comparable, we normalize
all geometric quantities with a shared clip-level scale. For each video clip, we compute a mutual
scale s and use it consistently for camera ray moments and depth. Ray directions are already unit-
normalized, while ray moments are divided by s and clamped to the normalized range. For depth, we
use a disparity-like parameterization

D̃ =
2

1 +D/s
− 1, (6)

where D is the raw metric or reconstructed depth. This maps near depths to values close to 1 and far
depths toward −1, yielding a bounded representation that is numerically compatible with RGB and
latent diffusion training. With this convention, RGB, depth, and ray-map channels are all represented
in approximately the same normalized range [−1, 1].

Missing-modality handling. Each training sample is represented in a common format containing
RGB, ray maps, and depth. When a dataset does not provide ray maps or depth, the corresponding
tensors are filled with random Gaussian placeholders and marked by modality-availability flags.
During noise injection, missing ray-map and depth blocks are forced to the maximum noise level, so
the model never receives structured false geometry. During loss computation, unavailable ray-map
and depth targets are masked out. This prevents RGB-only or RGB-plus-pose datasets from corrupting
geometric supervision while still allowing them to train the shared video-generation backbone.

B.2 Model Architecture

Base model. We initialize from Wan2.1-T2V-1.3B and extend its diffusion transformer into a
multimodal Mixture-of-Transformers backbone. The pretrained video VAE and text encoder are
kept frozen, and we finetune only the diffusion transformer. The model jointly processes four latent
streams,

[zI , zRd , zRm , zD], (7)
corresponding to RGB video, ray directions, ray moments, and depth, respectively. The two ray
streams use separate latent blocks but share the same ray-stream transformer weights.

Tokenization. All clips contain 50 frames resized to 240 × 320. RGB frames are encoded by the
frozen Wan VAE into latent tensors with 16 channels and spatial size 30× 40. Depth maps are first
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repeated to three channels and are encoded by the same frozen VAE. Ray maps bypass the VAE:
we split each ray map into direction and moment fields and pack them directly into latent tensors at
the same spatial resolution as the VAE latents. For the default 50-frame setting, the temporal latent
length per modality is Tlat = 14. Thus, each modality stream has shape [B, 16, 14, 30, 40], and the
concatenated four-stream latent has shape [B, 16, 56, 30, 40]. We use a 3D patch size of [1, 2, 2],
giving a per-modality patch grid of 14× 15× 20, or 4200 tokens per modality and 16800 tokens in
total.

Ray latent packing. For ray directions and ray moments, four consecutive 3-channel ray frames are
packed into the first 12 channels of a 16-channel latent tensor, with the remaining channels padded
by zeros. In the first–last-frame setting, the first latent slot repeats the first frame, the middle slots
pack groups of interior frames, and the final latent slot repeats the last frame. This packing keeps
ray-map tokens spatially and temporally aligned with RGB and depth VAE tokens while avoiding
unnecessary VAE compression of camera geometry.

Mixture-of-Transformers backbone. The transformer uses modality-specific input projections and
feed-forward layers, together with joint multimodal self-attention. Concretely, we use separate 3D
patch embeddings for RGB, ray maps, and depth. Queries, keys, values, and output projections
are stream-specific for the RGB, ray, and depth streams, but the resulting tokens are concatenated
and attend to each other in a single multimodal attention operation. Each transformer block also
contains stream-specific normalization layers and feed-forward networks. This design preserves
modality-specific feature statistics while allowing RGB, depth, and camera geometry to exchange
information through shared attention.

Model dimensions. The diffusion transformer follows the Wan2.1-T2V-1.3B configuration: hidden
dimension 1536, feed-forward dimension 8960, 12 attention heads, and 30 transformer layers. The
VAE latent channel dimension is 16, the VAE stride is [4, 8, 8] in time, height, and width, and the
transformer patch size is [1, 2, 2]. Text conditioning uses the Wan text-conditioning path with prompt
embeddings of dimension 4096 and a maximum length of 512 tokens.

Initialization of new modality branches. When initializing from the RGB-only Wan2.1 checkpoint,
all compatible transformer weights are copied from the pretrained model. The RGB patch embedding
and output-head weights are used to initialize the new ray and depth patch embeddings and heads.
Attention, cross-attention, normalization, feed-forward, time-embedding, and text-conditioning
weights are copied into the corresponding modality streams when shapes are compatible. This
initialization preserves the pretrained video prior while allowing the new modality branches to
specialize during finetuning.

B.3 Training Objective and Diffusion Forcing

Continuous flow matching. We train with continuous flow matching. For each latent token, we
sample a raw diffusion time t ∈ [0, 1] and apply the shifted schedule

t′ =
αt

1 + (α− 1)t
, α = 3.0. (8)

Given a clean latent z0 and Gaussian noise ϵ ∼ N (0, I), the noisy input is

zt′ = (1− t′)z0 + t′ϵ, (9)

and the model predicts the flow target
v⋆ = ϵ− z0. (10)

The loss is the mean-squared error between the predicted and target flow, computed separately for
RGB, ray direction, ray moment, and depth:

L =
1

4
(LI + LRd

+ LRm + LD) . (11)

For samples without ray-map or depth supervision, the corresponding losses are masked out.

Diffusion-forcing modes. We specify training tasks by assigning different diffusion levels to different
modality-frame groups. Clean or low-noise tokens serve as conditioning context, while high-noise
tokens are prediction targets. We use five conditioning patterns:

1. First RGB latent as history; remaining RGB, ray maps, and depth as targets;
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2. All RGB latents as history; ray maps and depth as targets;
3. First and last RGB latents together with all ray-map latents as history; middle RGB and

depth as targets;
4. First RGB latent together with all ray-map latents as history; remaining RGB and depth as

targets;
5. First RGB latent together with all depth latents as history; remaining RGB and ray maps as

targets.

These patterns correspond to image-conditioned scene completion, RGB-to-geometry prediction,
camera-conditioned video generation, camera-conditioned extrapolation, and depth-conditioned
generation/prediction. We sample these modes during training and restrict them according to the
modalities available in each dataset. For example, depth-conditioned modes are used only for datasets
with depth supervision, and ray-conditioned modes are used only for datasets with camera-pose or
ray-map supervision.

History noise. For history tokens, we use clean context with probability 0.5. Otherwise, history
tokens receive a random lower noise level. Target tokens receive independently sampled future noise
levels. This teaches the model to use both perfectly clean context and imperfect context, which
improves robustness when conditioning on generated or partially corrupted histories.

Optimization. We train on 50-frame clips at 240× 320 resolution with a reference frame rate of 10
FPS. Optimization uses AdamW with learning rate 1× 10−5, betas (0.9, 0.95), weight decay 0.05,
gradient clipping at 5.0, and a constant learning-rate schedule with 1000 warmup steps. Training
is performed with mixed precision on 4 NVIDIA H200 GPUs for approximately 30,000 optimizer
steps. We use batch size 1 per GPU and gradient accumulation of 4, giving an effective batch size of
16. We use gradient checkpointing for memory efficiency.

Dataset sampling weights. The training mixture uses relative dataset weights. In our final configura-
tion, the relative weights are 0.5 for RealEstate10K, 5.0 for DL3DV-10K, 1.0 for SpatialVID, 1.5
for OmniWorld, 30.0 for ScanNet++, 50.0 for Virtual KITTI 2, 50.0 for PointOdyssey, and 0.04 for
AgiBot World. The weights are multiplied by dataset size and normalized by the mixture loader.

B.4 Inference

Sampling. At inference time, the same clean/noisy pattern specifies the task. Observed RGB,
depth, or ray-map tokens are clamped to their clean values at every denoising step and assigned zero
diffusion level. Unknown tokens are initialized from Gaussian noise and progressively denoised. We
use UniPC sampling with 40 denoising steps and the same shifted time schedule used during training.
Under this setting, generating one 50-frame clip takes approximately one minute on a single NVIDIA
H100 GPU.

History guidance. We use history guidance to strengthen consistency with observed context. For a
set of observed history tokens H , we compute a history-conditioned flow v̂H with H clamped to the
observed values and a history-dropped flow v̂∅ in which the same context is replaced by noise. The
guided flow is

v̂HG = v̂H + whist (v̂H − v̂∅) . (12)
We set whist = 2.0 in our default configuration.

Decoding. After denoising, RGB and depth latents are decoded with the frozen Wan VAE. Ray-
direction and ray-moment latents are unpacked into dense ray maps. For camera-pose evaluation,
the predicted ray maps are converted back to camera parameters using the same ray-map-to-camera
recovery procedure across all datasets.

Inference-time search. For test-time search, we sample multiple candidate completions from
different random seeds while clamping the same observed context. Each candidate produces RGB,
depth, and ray-map predictions. We score candidates by cross-frame RGB reprojection error using
their own predicted depth and camera geometry, and select the candidate with the lowest reprojection
error. This implements the inference-time search procedure described in Sec. 3.4.

C Existing Assets and Licenses
We use existing public datasets and pretrained model assets. Table 5 summarizes the role of each
asset in this work and the corresponding license or access terms. All datasets are used for academic
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Asset Type Use in this work License / access terms
DL3DV-10K [22] Dataset Training and evaluation for

RGB video, camera pose, and
depth/camera-conditioned genera-
tion.

DL3DV-10K Terms of Use
and Creative Commons
Attribution-NonCommercial
4.0 International (CC BY-NC
4.0); non-commercial research
and educational use.

RealEstate10K [59] Dataset Training and evaluation for cam-
era trajectories, camera-controlled
generation, and pose prediction.

Creative Commons Attribu-
tion 4.0 International (CC BY
4.0), following the official
RealEstate10K release.

SpatialVID [36] Dataset Training and evaluation for in-the-
wild video with spatial annota-
tions.

Creative Commons
Attribution-NonCommercial-
ShareAlike 4.0 International
(CC BY-NC-SA 4.0).

ScanNet++ [48] Dataset Training and evaluation on indoor
RGB-D scenes with camera and ge-
ometry annotations.

ScanNet++ Terms of Use; non-
commercial research and ed-
ucational use only, with re-
stricted redistribution.

AgiBot World [5] Dataset Training on robotic manipulation
videos with multimodal embodied-
scene observations.

Creative Commons
Attribution-NonCommercial-
ShareAlike 4.0 International
(CC BY-NC-SA 4.0).

OmniWorld [60] Dataset Training on multi-domain 4D
world-modeling data.

Creative Commons
Attribution-NonCommercial-
ShareAlike 4.0 International
(CC BY-NC-SA 4.0), with
additional restrictions and
notices for third-party game
content.

Virtual KITTI 2 [6] Dataset Training and evaluation for syn-
thetic driving scenes with RGB,
depth, camera, and motion anno-
tations.

Non-commercial use
only; Creative Commons
Attribution-NonCommercial-
ShareAlike 3.0 (CC BY-NC-
SA 3.0).

PointOdyssey [56] Dataset Training on synthetic dynamic
scenes with camera, depth,
segmentation, and long-term
point/geometry annotations.

Creative Commons
Attribution-NonCommercial-
ShareAlike 4.0 International
(CC BY-NC-SA 4.0) for the
released dataset.

7-Scenes [31] Dataset Evaluation-only dataset for indoor
RGB-D depth prediction.

Microsoft Research 7-Scenes
license agreement; non-
commercial use only.

Wan2.1-T2V-
1.3B [35]

Pretrained model Initialization for the video diffu-
sion backbone; we finetune the dif-
fusion transformer while using the
pretrained VAE and text encoder
components.

Apache License 2.0, following
the official Wan2.1-T2V-1.3B
release.

Table 5: Summary of existing datasets and pretrained model assets used in this work. We cite the original
creators of each asset and use each asset according to its official license or access terms. We do not redistribute
third-party datasets or restricted source media.

research purposes only. We do not redistribute the original datasets, videos, game assets, or other
third-party data. Any released code will provide dataset preprocessing and evaluation scripts, while
requiring users to obtain the underlying datasets from their official sources and comply with the
corresponding terms of use. If model checkpoints are released in the future, they will be released
only under terms compatible with the upstream data and model licenses.
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NeurIPS Paper Checklist
1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?
Answer: [Yes]
Justification: The abstract and introduction state the paper’s intended scope: a unified
generative-predictive model over RGB, depth, and camera pose for cross-modal generation,
geometric prediction, and inference-time search. These claims are evaluated in Sec. 4
through camera-controlled generation, camera pose estimation, depth prediction, and test-
time search experiments.
Guidelines:

• The answer [N/A] means that the abstract and introduction do not include the claims
made in the paper.

• The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A [No] or
[N/A] answer to this question will not be perceived well by the reviewers.

• The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

• It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: The paper includes a limitations discussion in Sec. 5. It states that specialized
methods remain stronger on some pixel-aligned novel-view-synthesis metrics and indoor
depth metrics, that RGB reprojection is an imperfect proxy for test-time search, and that the
current model is trained at moderate scale and resolution.
Guidelines:

• The answer [N/A] means that the paper has no limitation while the answer [No] means
that the paper has limitations, but those are not discussed in the paper.

• The authors are encouraged to create a separate “Limitations” section in their paper.
• The paper should point out any strong assumptions and how robust the results are to

violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

• The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

• The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

• The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

• If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

• While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.
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3. Theory assumptions and proofs
Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?
Answer: [N/A]
Justification: The paper does not present theoretical results, theorems, or formal proofs. The
mathematical notation is used to define the scene representation, diffusion objective, and
inference procedure.
Guidelines:

• The answer [N/A] means that the paper does not include theoretical results.
• All the theorems, formulas, and proofs in the paper should be numbered and cross-

referenced.
• All assumptions should be clearly stated or referenced in the statement of any theorems.
• The proofs can either appear in the main paper or the supplemental material, but if

they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

• Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

• Theorems and Lemmas that the proof relies upon should be properly referenced.
4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?
Answer: [Yes]
Justification: The paper discloses the model representation, architecture, training objective,
conditioning patterns, datasets, evaluation settings, metrics, baselines, and test-time search
procedure. Appendix B further specifies preprocessing, tokenization, model dimensions,
optimization hyperparameters, sampling, and inference details needed to reproduce the main
experimental setup.
Guidelines:

• The answer [N/A] means that the paper does not include experiments.
• If the paper includes experiments, a [No] answer to this question will not be perceived

well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

• If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

• Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

• While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear how

to reproduce that algorithm.
(b) If the contribution is primarily a new model architecture, the paper should describe

the architecture clearly and fully.
(c) If the contribution is a new model (e.g., a large language model), then there should

either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).
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(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code
Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [No]

Justification: The current submission does not provide open-source code, model checkpoints,
reproduction scripts, or an anonymized repository. The experiments use existing datasets
and pretrained model assets cited in the paper; access to those assets follows the terms of
their original providers.

Guidelines:

• The answer [N/A] means that paper does not include experiments requiring code.
• Please see the NeurIPS code and data submission guidelines (https://neurips.cc/
public/guides/CodeSubmissionPolicy) for more details.

• While we encourage the release of code and data, we understand that this might not
be possible, so [No] is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

• The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//neurips.cc/public/guides/CodeSubmissionPolicy) for more details.

• The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

• The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

• At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

• Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLs to data and code is permitted.

6. Experimental setting/details
Question: Does the paper specify all the training and test details (e.g., data splits, hyperpa-
rameters, how they were chosen, type of optimizer) necessary to understand the results?

Answer: [Yes]

Justification: Sec. 4 and Appendix B specify the training datasets, modality availability, pre-
processing, normalization, model architecture, diffusion-forcing modes, optimizer, learning
rate, batch size, gradient accumulation, sampling procedure, evaluation datasets, metrics,
and baselines. These details are sufficient to understand the experimental protocol and the
reported results.

Guidelines:

• The answer [N/A] means that the paper does not include experiments.
• The experimental setting should be presented in the core of the paper to a level of detail

that is necessary to appreciate the results and make sense of them.
• The full details can be provided either with the code, in appendix, or as supplemental

material.

7. Experiment statistical significance
Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?
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Answer: [No]

Justification: The paper reports standard benchmark metrics across multiple datasets and
tasks, but does not report error bars, confidence intervals, or statistical significance tests.
Repeated full training runs are computationally expensive for the 1.3B-parameter generative
model, so the paper instead supports its claims through evaluation across diverse datasets,
dense/sparse settings, and multiple tasks.

Guidelines:

• The answer [N/A] means that the paper does not include experiments.
• The authors should answer [Yes] if the results are accompanied by error bars, confidence

intervals, or statistical significance tests, at least for the experiments that support the
main claims of the paper.

• The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

• The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

• The assumptions made should be given (e.g., Normally distributed errors).
• It should be clear whether the error bar is the standard deviation or the standard error

of the mean.
• It is OK to report 1-sigma error bars, but one should state it. The authors should

preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

• For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g., negative
error rates).

• If error bars are reported in tables or plots, the authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments compute resources
Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: Appendix B reports the training resolution, clip length, optimizer settings,
mixed-precision training, number and type of GPUs, optimizer steps, batch size, gradient
accumulation, gradient checkpointing, and inference-time sampling cost. These details
describe the main compute resources needed to reproduce training and inference.

Guidelines:

• The answer [N/A] means that the paper does not include experiments.
• The paper should indicate the type of compute workers CPU or GPU, internal cluster,

or cloud provider, including relevant memory and storage.
• The paper should provide the amount of compute required for each of the individual

experimental runs as well as estimate the total compute.
• The paper should disclose whether the full research project required more compute

than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

9. Code of ethics
Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: The research conforms to the NeurIPS Code of Ethics. It uses existing
datasets and pretrained model assets, does not involve new human-subject experiments or
crowdsourcing, and reports assumptions, limitations, and evaluation results transparently.
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Guidelines:
• The answer [N/A] means that the authors have not reviewed the NeurIPS Code of

Ethics.
• If the authors answer [No], they should explain the special circumstances that require a

deviation from the Code of Ethics.
• The authors should make sure to preserve anonymity (e.g., if there is a special consid-

eration due to laws or regulations in their jurisdiction).
10. Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?
Answer: [Yes]
Justification: This work is a technical study of unified RGB, depth, and camera-pose
modeling for 4D scene understanding, evaluated on standard research benchmarks. It does
not introduce a deployed system, collect new human-subject data, or release a new dataset.
We therefore do not anticipate substantial direct negative societal impacts beyond general
risks associated with generative visual models and geometric scene reconstruction.
Guidelines:

• The answer [N/A] means that there is no societal impact of the work performed.
• If the authors answer [N/A] or [No], they should explain why their work has no societal

impact or why the paper does not address societal impact.
• Examples of negative societal impacts include potential malicious or unintended uses

(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

• The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate Deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

• The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

• If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

11. Safeguards
Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pre-trained language models,
image generators, or scraped datasets)?
Answer: [N/A]
Justification: The current submission does not release a new dataset or high-risk pretrained
model checkpoint. If model checkpoints or generated assets are released in the future,
we will include documentation, intended-use restrictions, and responsible-use guidance to
reduce risks from misuse.
Guidelines:

• The answer [N/A] means that the paper poses no such risks.
• Released models that have a high risk for misuse or dual-use should be released with

necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.
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• Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

• We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

12. Licenses for existing assets
Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: Appendix C summarizing all existing datasets and pretrained model assets
used in the work, including their citations, role in the experiments, and license or access
terms. We use the assets for academic research, comply with non-commercial and attribution
requirements where applicable, and do not redistribute third-party datasets, videos, game
assets, or restricted source media. Any future release of code or checkpoints will be made
only under terms compatible with the upstream asset licenses.

Guidelines:

• The answer [N/A] means that the paper does not use existing assets.
• The authors should cite the original paper that produced the code package or dataset.
• The authors should state which version of the asset is used and, if possible, include a

URL.
• The name of the license (e.g., CC-BY 4.0) should be included for each asset.
• For scraped data from a particular source (e.g., website), the copyright and terms of

service of that source should be provided.
• If assets are released, the license, copyright information, and terms of use in the

package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

• For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

• If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

13. New assets
Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [N/A]

Justification: The paper does not introduce or release a new dataset, benchmark, codebase,
or model checkpoint as part of the current submission. If assets are released later, they will
be documented with license, usage terms, training details, and limitations.

Guidelines:

• The answer [N/A] means that the paper does not release new assets.
• Researchers should communicate the details of the dataset/code/model as part of their

submissions via structured templates. This includes details about training, license,
limitations, etc.

• The paper should discuss whether and how consent was obtained from people whose
asset is used.

• At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

14. Crowdsourcing and research with human subjects
Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?
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Answer: [N/A]
Justification: The paper does not involve crowdsourcing experiments or newly conducted
research with human subjects. It uses existing datasets and pretrained assets.
Guidelines:

• The answer [N/A] means that the paper does not involve crowdsourcing nor research
with human subjects.

• Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

15. Institutional review board (IRB) approvals or equivalent for research with human
subjects
Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?
Answer: [N/A]
Justification: The paper does not conduct new human-subject studies or crowdsourcing
experiments, so IRB or equivalent review is not applicable.
Guidelines:

• The answer [N/A] means that the paper does not involve crowdsourcing nor research
with human subjects.

• Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

• We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

• For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

16. Declaration of LLM usage
Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigor, or originality of the research, declaration is not required.
Answer: [N/A]
Justification: The core method does not use LLMs or agents as an important, original, or
non-standard component. Any writing, editing, or formatting assistance does not affect the
scientific methodology, rigor, or originality of the work.
Guidelines:

• The answer [N/A] means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

• Please refer to our LLM policy in the NeurIPS handbook for what should or should not
be described.
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