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Abstract. Camera-controlled video diffusion models (VDMs) have re-
cently emerged as powerful world models, enabling users to explore 3D
scenes through flexible, user-defined camera trajectories. Nevertheless,
current VDMs typically rely on implicit spatiotemporal representations
without explicit 3D geometric grounding. Such geometry-agnostic mod-
eling often leads to issues including geometrically implausible struc-
tures and cross-view spatial inconsistencies. To alleviate this, we present
DreamWorld, a new recipe of world model that novelly bridges the strong
spatial structure priors of 3D foundation models with the high-fidelity
generative capabilities of video diffusion models for geometry-consistent
3D scene generation. Specifically, given the input image and camera tra-
jectory, DreamWorld first learns a geometry video diffusion model to
predict compact geometry features for the target novel views, function-
ing as explicit structure pivots to reflect the underlying 3D spatial layout.
To achieve this, we introduce a distillation paradigm that transfers high-
level structural knowledge from a pretrained 3D foundation model to the
diffusion model, thereby enabling it to produce geometrically consistent
and spatially coherent features. Conditioned on such geometry features,
another appearance video diffusion model is then utilized to synthesize
the final video, ensuring improved geometric plausibility and cross-view
consistency while maintaining high visual fidelity. Extensive experiments
demonstrate that DreamWorld outperforms existing methods in visual
quality, 3D consistency, and camera controllability. Our project page is
available at https://yanghb22-fdu.github.io/DreamWorld.
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Fig. 1: Comparison between existing camera-controlled VDMs and our DreamWorld.

1 Introduction

Recent advances in video diffusion models (VDMs) and generative foundation
models [4, 5, 18, 31, 59, 78, 88, 89] have significantly expanded the capability of
generative models from static image synthesis to dynamic world modeling. In
particular, camera-controlled VDMs [20,27,49,84] have emerged as a promising
paradigm for controllable 3D scene generation, where users can specify arbitrary
camera trajectories to render novel views from a single input image. Acting as
neural simulators of the physical world, such models aim to construct photoreal-
istic and geometrically consistent 3D environments, unlocking the potential for
a wide spectrum of applications spanning virtual reality, cinematic production,
and embodied AI.

By leveraging camera parameters or point-cloud-based warped views as con-
ditioning signals, current camera-controlled VDMs exhibit promising visual fi-
delity and accurate camera controllability [20,27,49,84]. However, despite these
successes, existing approaches predominantly rely on implicit spatiotemporal
representations to imagine unobserved or occluded scene geometry under novel
viewpoints, without explicit 3D geometric grounding. While video diffusion mod-
els are trained on large-scale internet video corpora and demonstrate strong
capability in generating realistic frames, they are not explicitly constrained to
respect 3D spatial structure [14]. As a result, these geometry-agnostic approaches
often suffer from inevitable issues in novel view synthesis, such as geometrically
implausible structures, distorted object shapes, and cross-view spatial inconsis-
tencies, especially under large viewpoint changes. These issues fundamentally
limit the reliability of current world models, particularly in applications requir-
ing strong 3D consistency and structural plausibility.

In parallel to the rapid development of VDMs, 3D foundation models [34,61,
63, 76] have demonstrated remarkable ability in learning rich structural repre-
sentations from large-scale 3D data. These models encode strong spatial priors
about object shapes and scene layouts, providing geometry-aware features that
are robust to viewpoint changes. This observation motivates us to ask a natural
question: Can we incorporate explicit geometric structural priors from 3D foun-
dation models into camera-controlled VDMs to trigger a geometry-grounded video
diffusion model for 3D-consistent world modeling? However, directly integrating
3D foundation models into diffusion-based video generation remains non-trivial.
The former are primarily designed for multi-view reconstruction, learning to re-
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cover explicit 3D geometry from sparse or dense image observations, whereas
the latter operate in a high-dimensional latent video space optimized for spa-
tiotemporal appearance synthesis. Bridging these two paradigms in a principled
and effective way is still an open challenge.

In this paper, we present DreamWorld, a new recipe for geometry-consistent
world modeling that tightly couples the structural priors of 3D foundation mod-
els with the high-fidelity generative power of VDMs. Our launching point is
to rethink the role of geometry in current video diffusion. Instead of treating
geometry as an implicit byproduct of appearance modeling, DreamWorld explic-
itly elevates geometry as an intermediate structural pivot within the generation
pipeline, using it as a principled bridge to guide the diffusion process toward
geometry-consistent 3D scene generation (Fig. 1). To materialize this idea, we
first devise a distillation paradigm that transfers high-level structural knowl-
edge from a pretrained 3D foundation model into a diffusion model. Specifically,
given an input image and a user-defined camera trajectory, we train a geom-
etry video diffusion model to predict geometry-aware latent representations of
the target novel views that are aligned with features extracted from the 3D
foundation model. Through this distillation process, the diffusion model inherits
strong spatial structure priors, and the learnt geometry features naturally reflect
the underlying 3D spatial layout of scenes. After that, we take these geometry
features as intermediary structural pivots to guide another appearance video dif-
fusion model, which synthesizes the final novel views. In this way, DreamWorld
could elegantly trigger 3D-consistent world modeling in a geometry-appearance
disentangled two-stage fashion: the first geometry stage focuses on structural
consistency, while the second appearance stage emphasizes fine-grained visual
details. Ultimately, by synergizing explicit geometric grounding with generative
capacity, DreamWorld achieves a seamless harmony between structural integrity
and visual realism, paving a new way for consistent 3D world modeling.

The main contribution of this work is the proposal of the geometry-grounded
video diffusion paradigm that explicitly couples structural priors from 3D foun-
dation models with video diffusion models to achieve 3D-consistent world model-
ing. This also leads to the elegant views of how geometry can serve as a structural
pivot to bridge the gap between high-fidelity appearance synthesis and rigorous
3D spatial constraints. Extensive experiments on multiple benchmarks demon-
strate that DreamWorld achieves superior performance over existing methods,
in terms of visual quality, 3D consistency, and camera controllability.

2 Related Work

Novel View Synthesis. Novel View Synthesis (NVS) aims to generate unseen
viewpoints of a scene from limited observations. The evolution of Novel View
Synthesis (NVS) can be broadly categorized into three stages. (i) Optimization-
based paradigms, notably represented by Neural Radiance Fields (NeRF) [1,
40, 56] and further advanced by 3D Gaussian Splatting (3DGS) [25, 29], have
achieved unprecedented rendering fidelity across various scales [2, 33, 77, 85]
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and dynamic environments [15, 38]. Despite their success, these methods re-
main fundamentally constrained by the necessity for dense viewpoint observa-
tions and computationally intensive per-scene optimization [44, 66]. (ii) Feed-
forward models [7, 8, 12, 28, 48, 57, 62, 82] attempt to overcome these limita-
tions by directly inferring 3D representations from sparse views. However, due
to the inherent ambiguity of reconstructing 3D structures from limited data,
these methods are often restricted to specific domains and suffer from struc-
tural collapse or blurred textures under extreme viewpoint variations. (iii) Gen-
erative diffusion models [22, 50, 79] have recently introduced a new paradigm
that leverages powerful image or video priors to hallucinate disoccluded con-
tent [10, 11, 36, 37, 42, 51, 73–75, 81, 84]. Unfortunately, most existing diffusion-
based works remain largely geometry-agnostic, relying on implicit latent consis-
tency without explicit 3D grounding. This often leads to structural drift and spa-
tial inconsistencies during camera exploration. While some efforts [27,39,43,68]
incorporate geometric cues via feature conditioning or depth-based warping, they
remain sensitive to geometric inaccuracies and misalignment artifacts. To bridge
this gap between generative quality and geometric rigor, DreamWorld explic-
itly integrates structured 3D embedding into video diffusion models, providing
reliable geometric guidance for consistent and photorealistic synthesis.

Camera-Controlled Video Generation. With the rapid progress of video dif-
fusion models, enhancing user-controllable camera motion has become increas-
ingly important. Inspired by structural conditioning in text-to-image genera-
tion [32, 41, 86], various conditioning signals have been explored in the video
domain, including RGB images [3,69,71], depth [16,70], trajectories [45,80], and
semantic layouts [47]. Early camera-control methods incorporate numerical cam-
era parameters or extrinsic matrices as conditioning tokens [19,37,53,58,65,67].
AnimateDiff [19] learn motion-specific LoRA modules [24], while MotionCtrl [65]
injects extrinsics directly. CamCo [72] and CameraCtrl [20] further adopt Plücker
coordinates [54] for ray-aware representation. However, these approaches rely on
implicit mappings from low-dimensional camera parameters to high-dimensional
pixel dynamics, often limiting precision and generalization. To introduce stronger
geometric constraints, recent works employ explicit 3D priors. Training-free ap-
proaches [23, 81] leverage depth-based warping to guide denoising, while Multi-
Diff [42] conditions video diffusion on warped views during training. More recent
methods [9,26,39,49,52] incorporate point clouds or intermediate 3D representa-
tions to enhance spatial coherence. Although these strategies improve geometric
consistency, they remain sensitive to warping artifacts and geometric noise.

Unlike methods relying on implicit pose embeddings or incomplete pixel-level
warping, DreamWorld treats 3D geometry as an intermediate structural pivot.
By distilling geometry features from 3D foundation models into the diffusion
process, we bridge rigorous 3D structural priors with high-fidelity generative
modeling. Our decoupled architecture first reconstructs a complete representa-
tion in a robust geometry space, then synthesizes appearance anchored to this
consistent scaffold. This strategy effectively alleviates task interference, allowing
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Fig. 2: An overview of our DreamWorld that briges the strong spatial structural priors
from 3D foundation models with high-fidelity generative capabilities of video diffusion
models for 3D-consistent world modeling. (a)-We train an appearance video diffusion
model that synthesizes photorealistic RGB frames conditioned on geometry-aware rep-
resentations extracted from 3D foundation models. (b)-We train a geometry video dif-
fusion model to predict complete geometry representations for target novel views from
incomplete warped observations. (c)-During inference, the geometry model first gen-
erates geometry-consistent structural features for the target camera trajectory, which
are then provided to the appearance model to render high-fidelity novel-view videos.

each branch to focus on its specialized objective to ensure robust 3D consistency
and superior visual quality in world generation.

3 DreamWorld

3.1 Preliminaries

Video Diffusion Models. Generative diffusion models [22, 50, 55] typically
model a target data distribution by reversing a gradual noise-adding process.
Given clean samples x0 ∼ pdata(x), the forward process perturbs the data ac-
cording to xt =

√
ᾱtx0 +

√
1− ᾱt ϵ, where ϵ ∼ N (0, I) and ᾱt controls the noise

level at timestep t. A neural network ϵθ(xt, t) is trained to predict the injected
noise by minimizing Ex0,ϵ,t

[
∥ϵ− ϵθ(xt, t)∥22

]
, so that samples can be generated

by iteratively denoising from Gaussian noise.
To facilitate more efficient training and straighter sampling trajectories, re-

cent state-of-the-art video models [31,59,78] increasingly adopt the rectified flow
paradigm [17]. This framework redefines the transition between noise and data
as a deterministic linear interpolation. In addition, to significantly reduce com-
putational complexity, this process is conducted in a compressed latent space.
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Specifically, a raw video x0 is first encoded by a pre-trained 3D Variational Au-
toencoder (VAE) E(·) into a compact representation z0 = E(x0). The forward
probability path at timestep t ∈ [0, 1] is then defined as:

zt = (1− t)z0 + tϵ, ϵ ∼ N (0, I). (1)

The generative process is formulated as an ordinary differential equation (ODE)
that transports samples from the noise distribution toward the data manifold:

dzt = vθ(zt, t, c)dt, (2)

where the velocity field vθ is parameterized by a neural network conditioned
on c, such as text prompts. During training, rectified flow based models regress
the constant-velocity vector field by minimizing the following conditional flow
matching objective [35]:

LCFM = Ez0,ϵ,t∼U(0,1)

[
∥vθ(zt, t, c)− (ϵ− z0)∥22

]
. (3)

The velocity model vθ is instantiated as a Transformer-based diffusion model
(DiT) [46]. For inference, we can solve the ODE in Eq. 2 via Euler discretization,
starting from t = 1 to t = 0:

zt−∆t = zt − vθ(zt, t, c) ·∆t, (4)

where ∆t is the discretization step.
3D Foundation Models. The emergence of 3D foundation models has estab-
lished a unified paradigm for recovering spatial structures from arbitrary visual
inputs. Unlike specialized models designed for isolated 3D tasks, current state-
of-the-art 3D foundation models, such as Depth Anything 3 (DA3) [34] and
VGGT [61], provide a generalist, feed-forward approach to joint depth and pose
estimation across any number of views. Specifically, given an input video se-
quence x = {Ii}Li=1 ∈ RL×3×H×W with L frames of resolution H × W , the
encoder of a 3D foundation model G(·) processes these frames by alternating be-
tween intra-frame self-attention and inter-frame cross-attention across its Trans-
former layers, yielding multi-scale geometric features f3dx = G(x) ∈ RL×K×d×h×w

from different depths of the network, where d represents the feature embedding
dimension, h×w denotes the spatial resolution of the feature maps, K is the num-
ber of selected intermediate transformer layers. Features from shallower layers
typically capture low-level geometric details such as edges and local surface nor-
mals, while deeper layers encode high-level structural priors and view-invariant
spatial layouts. These rich latent features can be subsequently decoded by task-
specific heads to yield various 3D attributes, such as dense depth maps, camera
parameters, or point clouds.

3.2 Overview

Problem Formulation. Given a single scene image I0 ∈ R3×H×W as the initial
observation for world construction, a user-defined camera trajectory π = {πi}Li=1
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and text prompt T , our objective is to synthesize a high-fidelity novel view
sequence xtgt = {Ii}Li=1 ∈ RL×3×H×W . The synthesized sequence should satisfy
three key properties: (1) trajectory adherence, such that each frame Ii should
strictly follow the predefined camera pose specified by πi; (2) text alignment,
ensuring semantic consistency with the text prompt T ; and (3) scene coherence,
preserving geometric structure, appearance attributes, and temporal consistency
with respect to the depicted scene in the initial observation I0. Formally, we seek
to learn a conditional generative model F(·) that approximates the conditional
distribution p(xtgt | I0,π, T ):

F : (I0,π, T ) 7→ xtgt. (5)

Existing Solutions Existing methods typically rely on pre-trained video dif-
fusion models and formulate this task as a variant of camera-controllable video
generation. Approaches like CameraCtrl [20] and CamCo [72] transform camera
parameters π into pixel-wise spatial Plücker embeddings P ∈ RL×6×h×w [54],
which are then injected into the video diffusion backbone either through an auxil-
iary encoder or as additional conditional tokens. While this formulation enables
the model to condition the generation process on implicit camera representa-
tions, it still struggles to achieve precise camera control due to the complicated
mapping from numeric camera parameters to high-dimensional video frames,
particularly under complex camera motions.

Another line of work [27, 49, 84] instead explicitly reconstructs a 3D point
cloud P from the initial observation and warps it to the target novel views,
obtaining a sequence of partial RGB images xwarp = {Warp(P, πi)}Li=1. These
warped results are then fed into video diffusion models as explicit camera con-
ditions to inpaint the disoccluded and previously unseen regions, yielding the
final synthesized novel views. Although these methods achieve stronger camera
controllability, they still face several challenges in maintaining high geometry
consistency and visual fidelity. First, while point cloud renderings can accu-
rately represent camera trajectories, they are inevitably plagued by substantial
occlusions, unseen areas, and projection artifacts, often resulting in severely de-
graded visual fidelity. Conditioning on such degraded renderings that contain
incomplete structures and distorted artifacts, the video diffusion model must si-
multaneously infer large missing regions and correct geometric & appearance in-
accuracies, which substantially increases the ambiguity of the synthesis process.
As a consequence, the model may over-smooth details, hallucinate inconsistent
content, or deviate from the intended scene geometry, ultimately limiting the
overall generation quality (Fig. 3). Second, in the absence of explicit geometric
guidance of unseen regions, the video diffusion model must implicitly infer depth,
occlusion relationships, and spatial layout purely from appearance and temporal
correlations, which further limits the model’s ability to produce geometrically
plausible and structurally coherent novel views.
Motivation. By carefully revisiting the limitations of existing methods, we de-
rive two key insights: First, we identify that a reliable conditional signal for
video diffusion model to generate novel views must satisfy two critical require-
ments: (i) it should possess strong 3D priors to accurately reflect the underlying
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Fig. 3: Video generation directly conditioned on warped partial images often suffers
from severe visual artifacts and structural distortions. In contrast, our DreamWorld
leverages geometry features from 3D foundation models to first infer complete struc-
tural representations and then performs appearance synthesis conditioned on them,
ensuring both strong geometric consistency and high visual fidelity.

scene layout, and (ii) it must be spatially robust to maintain consistency under
extreme camera motion and without inheriting the artifacts of point cloud ren-
derings. We find that the spatial features extracted from 3D foundation models
(e.g., DA3 [34]) serve as an ideal structural scaffold. Unlike implicit embeddings
that rely on model hallucination or explicit warping that suffers from render-
ing distortions, these features provide a view-consistent geometric representation
that is inherently stable and prior-rich. Second, we emphasize the necessity of a
geometry-appearance decoupled generative paradigm. That means the genera-
tion process should begin in a compact geometry space, followed by the addition
of appearance details, rather than directly operating in the high-dimensional
RGB space. Building upon two insights, we decompose the camera-controlled
video generation into two stages. In the first stage, we train a geometry video
diffusion model to predict DA3 features of the target novel views to serve as
a geometry structure pivot for subsequent appearance generation. This model
primarily focuses on enforcing cross-view structural consistency and accurate
camera adherence, thereby significantly reducing the complexity of the learning
objective. In the second stage, we train an appearance video diffusion model to
synthesize the final novel views conditioned on the first stage’s DA3 features,
which focuses exclusively on synthesizing high-fidelity textures and photoreal-
istic details. By decoupling geometry and appearance in this manner, we can
pursue stronger cross-view consistency and improved visual fidelity.

3.3 Geometry-Grounded Video Generation

We first introduce our devised appearance video diffusion model Fapp(·), which
synthesizes photorealistic RGB frames conditioned on geometry representations
derived from 3D foundation models. Given a raw video x0, the pre-trained VAE
encoder E(·) first maps it into a compact VAE latent z0 = E(x0). In addition,
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as described in Sec. 3.1, we extract its multi-scale geometric features f3dx0
from a

pre-trained 3D foundatation model, which captures both fine-grained geometry
details and global scene layouts. We then fine-tune a pre-trained video diffusion
model to predict denoised VAE latents conditioned on geometric features.

Note that it is not trivial to directly inject these geometry features into
the video diffusion backbone. The representations extracted from 3D foundation
models are typically high-dimensional, and their spatial structures are not natu-
rally aligned with the latent space of the VAE. To address this issue, we introduce
a lightweight MLP-based compression module M(·) to project geometry features
f3dx0

into a diffusion-friendly representation z3d0 = M(f3dx0
). To incorporate this

geometry guidance, z3d0 is concatenated with the noisy video latents zt along
the channel dimension to fed into the denosing network of the video diffusion
model. This allows our appearance video diffusion model Fapp(·) to offload the
burden of spatial reasoning and focus exclusively on appearance fidelity. During
training, we optimize Fapp(·) with parameter ϕ by minimizing a flow-matching
objective coupled with a KL-regularization:

Lapp = Ez0,ϵ,t

[∥∥vϕ(zt, t, z3d0 , I0, T )− (ϵ− z0)
∥∥2
2

]
+ λLKL, (6)

where LKL is the KL divergence objective to enforce the projected 3d feature
z3d0 to follow a Gaussian distribution. After training, our devised appearance
video diffusion model can denoise VAE latents conditioned on 3D-aware rep-
resentations, and the resulting latents are then decoded into RGB frames via
VAE decoder. In this way, we can faithfully render high-fidelity pixels by lever-
aging geometry-aware structural features as conditioning signals, ensuring that
the synthesized frames remain consistent with the underlying scene geometry.

3.4 Geometry Feature Generation

While the aforementioned appearance video diffusion model Fapp(·) ensures high-
fidelity pixel synthesis under a given geometry structure prior, a critical challenge
then arises: during inference, how to predict such geometry structural guidance
ẑ3d0 for target novel views, only given the initial observations I0 and user-defined
camera trajectory π. We achieve this by introducing a geometry video diffu-
sion model Fgeo(·). Specifically, we first project the initial observation I0 to
target viewpoints using point cloud based warping, yielding a sequence of in-
complete warped frames xwarp corresponding to the camera trajectory π. We
then feed these warped frames into the encoder of the pre-trained 3D foundation
model G(·) and the learnt projection module M(·) in the apperance video diffu-
sion model to extract incomplete geometry features z3dwarp = M(f3dxwarp

), where
f3dxwarp

= G(xwarp). For the ground-truth video x0 corresponding to the warped
frames xwarp, we perform the same process as above to obtain ground-truth ge-
ometry features z3d0 . Then, we train our geometry video diffusion model Fgeo(·)
in the geometry feature space, to predict complete geometry features for the
target novel views by conditioning on the incomplete geometry features z3dwarp.
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Formally, the denoising neural network of our geometry video diffusion model is
trained through feature-level flow-matching objective:

Lgeo = Ez3d
0 ,ϵ,t

[∥∥vθ(z3dt , t, z3dwarp, I0, T )− (ϵ− z3d0 )
∥∥2
2

]
, (7)

where z3dt is the noised geometry feature at timestep t and θ is the parameter
of the denoising neural network of Fgeo(·). Once trained, the geometry video
diffusion model can inherit the geometry structure knowledge from 3D founda-
tion models to synthesize the complete geometry features through a conditional
denoising process.

3.5 Inference Pipeline

During inference, we generate the target novel views in a two-stage manner.
Given the initial observation I0 and user-defined camera trajectory π, we first
employ our geometry video diffusion model Fgeo(·) to predict a sequence of ge-
ometry representations ẑ3dtgt corresponding to the target viewpoints. Then, the
predicted geometry features ẑ3dtgt are provided as geometry structural condition-
ing signals to the appearance video diffusion model Fapp(·), which performs
conditional denoising in the VAE latent space and subsequently decodes the
denoised latents into the final RGB frames xtgt.

4 Experiments

4.1 Experimental Settings

Datasets. We train DreamWorld on a mixed dataset of RealEstate10K [90] and
SpatialVID [60]. RealEstate10K provides indoor sequences with diverse camera
trajectories and accurate pose annotations. To enhance scene diversity and real-
world generalization, we incorporate SpatialVID [60], a large-scale in-the-wild
dataset enriched with explicit geometric annotations. To ensure training stability,
we curate a high-quality subset of 223K clips from both datasets, filtered based
on motion magnitude, pose reliability, and visual consistency. This combined
training set covers a balanced distribution of indoor and outdoor environments,
establishing a robust foundation for spatially grounded world modeling.
Implementation Details. The appearance video diffusion model Fapp(·) and
the geometry video diffusion model Fgeo(·) are initialized from pre-trained Wan
2.1 model [59]. The training process is decoupled into two progressive stages. In
the first stage, we jointly optimize the appearance video diffusion model and the
projection module M to establish a reliable mapping from the geometric man-
ifold to the visual space. To bridge the gap between training and inference, we
introduce small perturbations to the geometry features during this stage, which
improves the model’s robustness to the generated structural scaffolds. In the
second stage, we freeze the projection module M and train the geometry video
diffusion model to perform feature-level distillation and structural completion.
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Table 1: Quantitative comparison of single-image novel view synthesis on
RealEstate10K [90] and Tanks-and-Temples dataset [30].

RealEstate10K Dataset

Method Easy Set Hard Set

PSNR ↑ SSIM ↑ LPIPS ↓ FID ↓ Rdist ↓ Tdist ↓ PSNR ↑ SSIM ↑ LPIPS ↓ FID ↓ Rdist ↓ Tdist ↓

MotionCtrl [65] 14.12 0.538 0.413 88.13 4.372 8.778 13.05 0.495 0.453 97.66 7.116 9.484
CameraCtrl [20] 19.09 0.706 0.325 42.18 1.254 2.796 17.15 0.554 0.395 75.76 1.875 3.104
ViewCrafter [84] 19.21 0.719 0.315 39.75 0.713 2.086 17.76 0.677 0.376 52.86 1.161 2.682
Gen3C [49] 20.73 0.726 0.279 33.97 0.556 1.582 18.04 0.681 0.334 46.67 0.838 2.347

DreamWorld (Ours) 23.15 0.781 0.249 25.18 0.301 1.112 20.94 0.739 0.267 31.16 0.521 1.318

Tanks-and-Temples Dataset

Method Easy Set Hard Set

PSNR ↑ SSIM ↑ LPIPS ↓ FID ↓ Rdist ↓ Tdist ↓ PSNR ↑ SSIM ↑ LPIPS ↓ FID ↓ Rdist ↓ Tdist ↓

MotionCtrl [65] 14.88 0.554 0.497 80.73 7.447 8.603 13.45 0.524 0.514 89.55 8.731 9.402
CameraCtrl [20] 15.79 0.587 0.396 71.31 1.656 2.913 14.01 0.532 0.493 82.01 1.975 3.124
ViewCrafter [84] 18.11 0.671 0.327 45.67 0.966 2.175 17.41 0.645 0.353 57.76 1.437 2.891
Gen3C [49] 18.95 0.683 0.308 41.95 0.884 1.677 17.95 0.659 0.331 48.42 1.266 2.510

DreamWorld (Ours) 21.66 0.721 0.256 29.85 0.377 1.214 19.59 0.704 0.283 36.95 0.584 1.337

Table 2: Quantitative comparison on the WorldScore benchmark [14]. The perfor-
mance of all baseline methods in this table are directly taken from [13].

Method 3D Consist. Photo Consist. Style Consist. Cam. Ctrl. Obj. Ctrl. Cont. Align. Subj. Qual. Avg. ↑

WonderWorld [83] 82.85 67.86 55.79 92.32 47.63 79.09 69.03 70.65
AETHER [91] 79.84 58.68 72.09 57.44 52.26 28.06 41.11 55.64
Uni3C [6] 78.59 85.48 88.32 62.94 45.83 47.40 57.00 66.51
Voyager [27] 56.00 80.68 72.89 45.92 57.69 48.36 44.74 58.04
FantasyWorld [13] 83.31 86.11 94.22 57.05 34.46 38.45 57.40 64.43

DreamWorld (Ours) 84.96 92.70 92.98 81.97 63.11 50.37 59.17 75.04

For both stages, we employ the AdamW optimizer with a constant learning rate
of 5× 10−5 and a global batch size of 32. Each stage is trained for 15, 000 iter-
ations to ensure stable convergence. All training sequences consist of 81-frame
clips processed at a resolution of 832× 480.
Baselines and Metrics. Following [84], we first use RealEstate10K [90] and
Tanks and Temples [30] as test set for zero-shot novel view synthesis. We compare
our method against two primary technical paradigms: implicit embedding-based
approaches, such as MotionCtrl [65], CameraCtrl [20], and explicit warping-
based frameworks, including ViewCrafter [84] and Gen3C [49]. Evaluation is
conducted on both easy and hard subsets using PSNR, SSIM [64], LPIPS [87],
FID [21], and pose accuracy metrics (Rdist, Tdist). To further evaluate holistic
world modeling, we follow [13] and benchmark our performance on the photore-
alistic subset of the WorldScore [14] dataset. We compare DreamWorld against
state-of-the-art 3D world models, including WonderWorld [83], AETHER [91],
Uni3C [6], Voyager [27], and FantasyWorld [13]. This multi-axis assessment pro-
vides a rigorous test for the robustness of our decoupled paradigm by evaluating
camera control, 3D consistency, and content alignment in complex scenarios.
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Fig. 4: Qualitative comparison results. Unlike baseline methods prone to warping ar-
tifacts (green boxes) or structural reasoning failures (red boxes), DreamWorld ensures
stable, photorealistic views via a reliable geometric scaffold.

4.2 Quantitative Results

Table 1 summarizes the quantitative results for single-image novel view synthe-
sis, where DreamWorld achieves state-of-the-art performance across all evalua-
tion metrics and benchmarks. Remarkably, compared to the best competitor,
Gen3C [49], DreamWorld significantly boosts the Hard Set PSNR from 18.04
to 20.94 on RealEstate10K and from 17.95 to 19.59 on Tanks-and-Temples.
The consistently lower FID values and reduced pose errors further confirm that
DreamWorld excels in generating photorealistic sequences that also strictly ad-
here to intended camera trajectories. Unlike implicit parameter embedding meth-
ods [20,65] that lack explicit 3D grounding, or warping-based models [49,84] that
are inherently prone to projection artifacts and disocclusion holes, DreamWorld
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leverages a geometry video diffusion model to synthesize a holistic structural
scaffold. By bypassing the inherent brittleness of raw pixel-level warping, our
proposed framework achieves a seamless harmony between rigorous 3D consis-
tency and high-fidelity appearance synthesis.

Table 2 presents the quantitative comparison on the WorldScore bench-
mark [14], where DreamWorld achieves the highest Average score, establishing
a new state-of-the-art among current world models. A key observation is the
significant gap in consistency metrics between DreamWorld and its competitors.
For instance, while WonderWorld [83] achieves strong camera controllability,
its Photo Consistency (67.86) lags far behind DreamWorld’s 92.70, illustrat-
ing that existing models often sacrifice visual stability for motion accuracy. In
contrast, by treating geometry as a decoupled structural pivot, DreamWorld re-
solves the “task entanglement” inherent in joint architectures like Voyager [27]
and FantasyWorld [13]. Specifically, Voyager’s reliance on static priors leads to
substantial structural drift (56.00 in 3D Consistency), whereas FantasyWorld’s
unified optimization forces a compromise between rigorous 3D grounding and
visual realism. Our decoupled paradigm ensures the appearance stage focuses
on high-fidelity synthesis anchored in a reliable 3D layout, resulting in superior
consistency. These results validate that disentangling geometry from appearance
effectively alleviates the structural-appearance conflict, providing a more stable
and 3D-consistent world generation than existing frameworks.

4.3 Qualitative Results

Fig. 4 presents the qualitative comparison results. WonderWorld [83] exhibits
the most severe structural degradation. Due to its reliance on a sparse surfel-
based initialization optimized primarily for low-latency single-view rendering,
it suffers from significant geometry missing when moving to novel viewpoints.
Meanwhile, Gen3C [49] relies on explicit point cloud based warping, but its
quality is strictly bounded by the initial 3D prior. As highlighted in the green
boxes, stretched areas and holes from the warping stage lead to blurry results
and distorted shapes in the final frames. Notably, FantasyWorld [13] attempts to
address these issues by jointly modeling video and 3D tasks. While this unified
approach improves view alignment, it leads to “task entanglement”, where the
two objectives interfere with each other. As shown in the red boxes, this conflict
makes it difficult for the model to reason about complex structures like thin
tree branches, resulting in broken or floating artifacts. In contrast, DreamWorld
consistently produces more stable and coherent novel views with plausible geom-
etry and realistic textures. By decoupling structural completion from appearance
generation, each branch can focus its specialized capacity on a single objective.
Specifically, the geometry branch is dedicated to robust 3D reasoning without
the burden of texture synthesis, while the appearance branch focuses entirely on
rendering photorealistic details. Our approach achieves both superior structural
integrity and higher appearance quality, outperforming existing frameworks even
in scenes with intricate details.
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Table 3: Ablation study on the core design choices in DreamWorld. Experiments are
conducted on the easy set of RealEstate10K [90].

Method Condition Space Geometry & Appearance PSNR ↑ SSIM ↑ LPIPS ↓
VAE 3D Joint Decoupled

Baseline ✓ ✗ ✗ ✗ 19.47 0.721 0.287
DreamWorld w/o Geometry Diffusion ✗ ✓ ✗ ✗ 20.05 0.724 0.283
DreamWorld w/o Geo-App Decoupled ✗ ✓ ✓ ✗ 21.87 0.752 0.256
DreamWorld (Ours) ✗ ✓ ✗ ✓ 23.15 0.781 0.249

4.4 Ablation Study

In an effort to study the effectiveness of each development in our DreamWorld,
we conducted a systematic ablation study on the RealEstate10K dataset. Table 3
demonstrates the quantitative results of several ablated runs. The baseline of our
DreamWorld directly encode the warped partial images into the VAE latent space
as conditions to synthesize novel views, without explicit geometric modeling,
which leads to the lowest performance.
Effect of Geometry Diffusion. DreamWorld w/o Geometry Diffusion replaces
the generative geometry prediction with raw incomplete geometry features ex-
tracted from the 3D reconstruction pipeline. While using 3D features provides
a better geometric conditions than the VAE-based Baseline (20.05 vs. 19.47
PSNR), the results remain sub-optimal. These limitations arise from the inherent
sparsity of warped features, where disocclusion artifacts inevitably lead to struc-
tural gaps. Without a geometry completion stage to fill these missing regions,
the appearance model must simultaneously infer both the missing structure and
textures, which introduces significant synthesis ambiguity. In contrast, our full
model employs geometry diffusion to reconstruct a complete structural pivot
from sparse warped features, achieving the best performance (23.15 PSNR).
This geometry diffusion stage enables the model to generatively complete miss-
ing regions, ensuring that the subsequent appearance synthesis is grounded in a
stable and geometrically consistent foundation.
Effect of Decoupled Geometry-Appearance Training. DreamWorld w/o
Geo-App Decoupled jointly predicts geometry and appearance in a single ob-
jective, similar to the design of existing world models [13]. Compared to the
baseline, this approach achieves a further performance gain (21.87 PSNR) be-
cause it introduces explicit 3D features that provide much-needed spatial aware-
ness for scene synthesis. However, the performance gains remain limited as the
model must simultaneously optimize for two fundamentally different goals: 3D
structural reasoning and high-fidelity rendering. This coupling leads to task en-
tanglement, which increases optimization difficulty and results in unstable struc-
tural predictions for complex scenes. In contrast, DreamWorld separates these
two objectives into a “geometry-then-appearance” pipeline. By first generating a
consistent geometric scaffold and then synthesizing appearance conditioned on
it, the model can focus on structural completion and visual rendering in a more
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specialized manner. This decoupled design alleviates task interference and leads
to more stable and geometry-consistent world generation.

Overall, these ablations validate the key design principle of our proposed
DreamWorld: explicitly generating geometry as an intermediate structural pivot
and decoupling it from appearance modeling is essential for achieving reliable
3D-consistent world modeling.

5 Conclusions

In this paper, we presented DreamWorld, a geometry-grounded framework for
controllable world modeling with video diffusion models. We identify the lack
of explicit structural grounding as a key reason of 3D inconsistency in exist-
ing camera-controlled VDMs. To address this, we propose a decoupled geome-
try–appearance paradigm, where a dedicated geometry branch performs struc-
tural completion in a compact geometry-aware latent space, and an appearance
branch synthesizes high-fidelity visuals conditioned on the completed structural
anchors. This “geometry-then-appearance” design avoids task entanglement and
ensures that the model achieves both stable geometric consistency and high-
quality rendering. Extensive experiments on RealEstate10K, Tanks and Tem-
ples, and WorldScore demonstrate that DreamWorld consistently improves visual
quality, cross-view consistency, and camera controllability over prior methods,
validating the importance of explicit 3D grounding in generative world models.

Limitations and Broader Impact. DreamWorld focuses on static scenes
and may falter with complex dynamics or severe occlusions. Extending geome-
try grounding to spatiotemporal representations is a vital future direction. While
consistent world generation empowers simulation and embodied AI, its high real-
ism necessitates ethical vigilance to prevent misuse in deceptive content creation.
Acknowledgement: This work was supported by the Key Science & Tech-
nology Project of Anhui Province No. 202523o09050002 and the Science and
Technology Commission of Shanghai Municipality under Grant 25511104000.
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