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Abstract. Existing diffusion-based 3D scene generation methods pri-
marily operate in 2D image/video latent spaces, which makes maintain-
ing cross-view appearance and geometric consistency inherently chal-
lenging. To bridge this gap, we present OneWorld, a framework that
performs diffusion directly within a coherent 3D representation space.
Central to our approach is the 3D Unified Representation Autoencoder
(3D-URAE); it leverages pretrained 3D foundation models and augments
their geometry-centric nature by injecting appearance and distilling se-
mantics into a unified 3D latent space. Furthermore, we introduce token-
level Cross-View-Correspondence (CVC) consistency loss to explicitly en-
force structural alignment across views, and propose Manifold-Drift Forc-
ing (MDF) to mitigate train–inference exposure bias and shape a robust
3D manifold by mixing drifted and original representations. Comprehen-
sive experiments demonstrate that OneWorld generates high-quality 3D
scenes with superior cross-view consistency compared to state-of-the-art
2D-based methods.

Keywords: 3D Scene Generation · 3D Unified Representation Autoen-
coder · Cross-View Correspondence · Manifold-Drift Forcing

1 Introduction

3D scene generation maps conditioning inputs, such as text or images, to a
3D scene representation, producing either explicit outputs like point clouds or
3DGS [21], or implicit outputs like video. It has emerged as vital technology
for gaming, robotics, and VR/AR by enabling the creation of photorealistic
environments at scale [7, 23, 58, 61]. This capability provides essential training
data for simulations and offers powerful new tools for creative content design. By
jointly modeling scene geometry, appearance, and spatial structure, it serves as
the backbone for building interactive and geometrically consistent digital worlds.

∗ Co-first authors; † Corresponding authors.



2 S. Gao et al.

(a) Generation Results.

(b) Architecture Comparison. (c) Performance Comparison.
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Fig. 1: (a) OneWorld generates 3DGS from a single view and renders novel views. (b)
Architecture: FlashWorld [27] diffuses in compressed video latents; Gen3R [17] com-
presses 3D features to align a 3D foundation encoder with video latents but can only
generate geometry and appearance separately, rather than jointly. OneWorld generates
directly in a unified 3D representation space, without compression or separate genera-
tion. (c) Performance comparison on WorldScore [8] and DL3DV [30].

Early 3D scene generation methods often rely on pretrained 2D generative
priors, either through optimization-based score distillation [28, 38, 46, 52] or by
synthesizing multi-view images or videos followed by 3D reconstruction [11, 16,
32,44,55]. While these approaches can produce plausible results, they are limited
by expensive per-scene optimization and inconsistent geometry due to weak ex-
plicit 3D modeling. More recently, several works move generation into multi-view
or video latent spaces by freezing an image or video VAE (See Fig. 1 (b)) and
learning a latent-to-3D decoder (often 3DGS [21]) while adapting the diffusion
backbone [6,12–14,27,56]. This improves efficiency, but 2D latent spaces provide
limited explicit 3D coupling across views, which may weaken multi-view coher-
ence. Meanwhile, transformer-based 3D feed-forward models [2, 24, 29, 49–51]
have advanced rapidly. Models such as Dust3R [50], VGGT [49] and π3 [51]
achieve strong performance in a wide range of 3D downstream tasks. Inspired
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by recent image generation approaches that operate directly in the representa-
tion space of vision foundation models (e.g., DINOv2 [35]) rather than relying on
VAEs [1,3,43,65], we explore whether it is possible to learn 3D scene generation
directly within the representation space of a 3D foundation model.

The concurrent work Gen3R [17] compresses the 3D representation space to
align with a VAE video latent space [48], limiting the representational capacity of
the learned 3D representation. In addition, it generates geometry (point clouds)
and appearance (video) separately (See Fig. 1 (b)), constraining a unified 3D rep-
resentation with coherent geometry and high-fidelity appearance. Furthermore,
its reliance on video-latent alignment constrains geometric modeling to small-
baseline view variations, limiting generalization to large viewpoint changes.

To address these challenges, we present OneWorld, a framework that per-
forms diffusion within a coherent 3D representation space, enabling sampling
within a coherent world rather than per-view image or video latents. Central
to our approach is the 3D Unified Representation Autoencoder (3D-URAE); it
leverages pretrained 3D foundation models and augments their geometry-centric
nature by injecting appearance and distilling semantics into a unified 3D latent
space. The appearance-injection branch complements semantic tokens with ap-
pearance tokens, allowing unified 3D tokens to be decoded into a renderable
3DGS representation with consistent visual identity. The semantic-distillation
branch transfers knowledge from a vision foundation model (VFM) to regularize
the 3D tokens onto a compact, semantically meaningful manifold, reducing learn-
ing complexity and improving diffusion efficiency in 3D representation space.

Beyond the unified representation, we explicitly preserve cross-view structure
during diffusion training by introducing a token-level Cross-View-Correspondence
(CVC) consistency loss. Specifically, we enforce the target-view tokens to retain
the correspondence patterns induced by the conditioning-view tokens, so that de-
noising preserves structural consistency rather than merely minimizing the mean
error between 3D representations. Moreover, we identify sampling drift induced
by train–inference exposure bias as a key factor that degrades 3D generation
quality: at inference the model must denoise its own intermediate predictions, so
small errors accumulate over steps, and this effect is amplified in 3D by coupled
cross-view constraints. To mitigate this issue, we propose Manifold-Drift Forc-
ing (MDF), which trains the 3DGS decoder with a mixture of diffusion-sampled
(drifted, off-manifold) and original (on-manifold) unified representations dur-
ing decoding, shaping a robust 3D representation manifold for stable diffusion
sampling, and improving appearance consistency and cross-view coherence. Ex-
tensive experiments on RealEstate10K [66], DL3DV [30], and WorldScore [8]
demonstrate that OneWorld generates high-quality 3D scenes with strong cross-
view consistency, significantly outperforming prior 2D-based approaches.

Our main contributions are summarized as follows:

– We propose OneWorld, a diffusion-based 3D scene generation framework
that operates in a 3D feature space built upon pretrained 3D foundation
models and unified by our 3D Unified Representation Autoencoder (3D-
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URAE), which injects appearance and distills semantics to jointly encode
geometry, appearance, and semantics.

– We introduce a cross-view correspondence-preserving loss for conditional dif-
fusion training in unified 3D space, explicitly enforcing structural correspon-
dence between the target view and conditioning views to improve cross-view
consistency.

– We identify sampling drift from train–inference mismatch in 3D genera-
tion and propose Manifold-Drift Forcing, which trains the 3DGS decoder
on mixed diffusion-sampled and ground-truth latents to shape a robust 3D
manifold for stable sampling, improving appearance consistency and cross-
view coherence.

2 Related Work

2.1 3D Scene Generation

Diffusion-based Iterative 3D Scene Generation. Early 3D generation meth-
ods typically leverage pretrained 2D generative models [36,37,40,62] to provide
strong generative priors. One line of work employs Score Distillation Sampling
(SDS) [28, 38, 46, 52] to optimize a 3D representation, such as 3DGS [21] or
NeRF [34], by aligning rendered views with the distribution of a pretrained 2D
diffusion model. Although these iterative generation approaches achieve notable
progress, they often suffer from cross-view semantic inconsistency due to the lack
of explicit multi-view constraints. Moreover, generating each individual 3D scene
requires extensive iterative optimization, leading to substantial computational
cost and limited scalability.

Multi-View Reconstruction-Based 3D Scene Generation. Another
line of methods first synthesizes multi-view images or videos using pretrained
2D diffusion models, followed by 3D reconstruction through multi-view synthe-
sis [4, 11, 16, 31, 32, 41, 44, 45, 55, 64] or incremental outpainting [5, 10, 42, 59, 60].
Compared to iterative optimization-based approaches, these methods signifi-
cantly improve generation efficiency by avoiding per-scene optimization. How-
ever, despite this speed advantage, they still lack explicit 3D reasoning, as the
underlying generative process is grounded in 2D RGB priors. As a result, they
often produce inconsistent geometry and weak multi-view fidelity.

3D Scene Generation in 2D Latent Spaces. The difference between the
3D generation method introduced here and Multi-View Reconstruction-Based
methods is that one uses a Diffusion model to generate multi-view images or
videos, while this method generates multi-view latents [13, 26, 56] or video la-
tents [6, 12, 14, 27]. The original image VAE or video VAE encoder is frozen,
and a decoder for decoding 3D representations is trained, usually implemented
as 3DGS. Early approaches, such as Prometheus [56] and SplatFlow [13], adapt
SD-VAE [37] to reconstruct 3DGS representations from multi-view latents, and
subsequently fine-tune the image generation model. Building upon this latent-to-
3D reconstruction paradigm, later works including FlashWorld [27], VIST3A [12],
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and FantasyWorld [6] replace SD-VAE [37] with Wan-VAE [48], enabling recon-
struction from video latents and extending the framework to video generation
models. Learning in the multi-view latent space offers improved computational
efficiency and better compatibility with pretrained diffusion backbones compared
to directly modeling multi-view image generation; however, since 2D image or
video latent spaces do not explicitly enforce cross-view identity consistency, this
formulation often results in geometric inconsistency.

2.2 Representation Autoencoder

A common line of work in image and video generation uses VAEs [9, 22, 47]
to compress data into low-dimensional latent spaces, facilitating the training of
latent diffusion models [40]. However, such compression inevitably results in in-
formation loss. Recently, some studies [1,3,43,65] have explored a different route:
employing a frozen, pretrained representation encoder and training only the de-
coder to reconstruct images from high-dimensional semantic features. Known as
Representation Autoencoders (RAEs), this approach demonstrates that training
diffusion transformers [36] in such latent spaces achieves faster convergence and
better performance than VAEs. Motivated by this shift, we design a 3D Unified
RAE on top of a pretrained 3D foundation model so diffusion happens directly
in a geometry-aware representation space.

3 Method

We present OneWorld, a diffusion framework that performs scene generation
directly in a unified, geometry-aware 3D representation space (See Fig. 2). First,
we build a 3D Unified Representation Autoencoder (3D-URAE) on top of a
feed-forward 3D foundation model by injecting appearance cues and distilling
semantic structure into geometry tokens, producing renderable and semantically
organized 3D latents (Sec. 3.1). Next, we train a conditional diffusion model
in this unified space and introduce a cross-view correspondence preservation
regularizer to maintain consistent token-level correspondences between the target
and conditioning views, improving cross-view structural coherence (Sec. 3.2).
Finally, to address train–inference exposure bias that causes diffusion samples
to drift off the 3D-URAE manifold, we propose manifold-drift forcing, which
trains the downstream 3D decoder on interpolations of ground-truth and sampled
latents to improve robustness and stabilize multi-view sampling (Sec. 3.3).

3.1 3D Unified Representation Autoencoder

Preliminary. We adopt a 3D foundation model for feed-forward scene recon-
struction. In this work, the instantiated model is π3 [51], denoted as F , which
infers multiple key 3D quantities of a scene from observed views together with
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Fig. 2: Overview of the proposed OneWorld framework. (a) We construct a
unified 3D representation space by introducing appearance injection and se-
mantic distillation. (b) During DiT [36] training, we incorporate cross-view cor-
respondence, preserving cross-view geometric token correspondences from the target
view to the conditioned view. (c) Manifold-drift forcing: we augment the original
3D manifold by mixing ground-truth 3D features with sampled 3D features, enabling
a more robust 3D decoder.

their camera parameters. Given N input images I ∈ RN×H×W×3, π3 first lever-
ages a vision foundation model (VFM) (e.g., DINOv2 [35]) as an image patchifier
or tokenizer, denoted as Epatch, to obtain per-view visual tokens:

Epatch : I → Z ∈ RN×h×w×C , (1)

where h×w is the token grid resolution and C is the token channel dimension. To
enable camera-controllable generation and to directly use the dataset-provided
ground-truth camera coordinate system without additional conversions, π3 takes
the per-view camera parameters T ∈ RN×CT (e.g., intrinsics and extrinsics in
the dataset convention) as explicit inputs. The geometry encoder EV then jointly
encodes the patchified tokens and camera parameters into geometry tokens:

EV : (Z, T ) → V ∈ RN×hv×wv×Cv , (2)

where hv × wv is the spatial resolution of geometry tokens and Cv is the corre-
sponding feature dimension. Finally, the geometry tokens are decoded by pre-
diction heads DV into a 3D Gaussian Splatting representation and depth maps:

DV : V → (G,D), G ∈ RN×H×W×CGS , D ∈ RN×H×W×1, (3)

where CGS denotes the dimensionality of the 3DGS parameterization used in
our implementation.
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Table 1: Ablation analysis of appearance injection and semantic distillation. (a)
We analyze the effect of appearance injection from a reconstruction perspective. (b)
We examine the benefit of semantic distillation for training the generative model.

(a) Ablation on Appearance Injection Branch.

Method PSNR ↑ SSIM ↑ LPIPS ↓

w/o App. Inject 21.14 0.669 0.293
3D-URAE 28.19 0.932 0.102

(b) Ablation on Semantic Distillation Branch.

Method PSNR ↑ SSIM ↑ LPIPS ↓

w/o Sem. Distill 17.45 0.644 0.352
OneWorld 21.57 0.735 0.231

Appearance Injection Branch. The 3D foundation model F typically
adopts a vision foundation model Epatch (e.g., DINOv2) to patchify I into se-
mantic tokens Z, which may discard fine-grained appearance details due to heavy
semantic abstraction. More detailed results are shown in Tab. 1a and Fig. 3 (a).
To compensate for this loss, we introduce an appearance injection branch that ex-
tracts appearance-preserving tokens from the original images and augments the
conditioning of the geometry encoder. Specifically, we implement a lightweight
convolutional encoder Eapp to map I into appearance tokens Zapp ∈ RN×h×w×C ,
aligned with Z in both resolution and channel dimension. We then concatenate
Z and Zapp along the channel axis and feed the augmented tokens with camera
parameters T into EV , yielding:

EV :
(
[Z ∥Zapp], T

)
→ V ∈ RN×hv×wv×Cv . (4)

Semantic Distillation Branch. Although π3 (and similar feed-forward
reconstructors such as VGGT [49]) uses VFM semantic tokens (e.g., DINOv2)
as inputs, the pure 3D reconstruction supervision often yields geometry tokens
V that are geometry-dominant and weak in semantic structure (See Fig. 3 (b)).
To obtain a more compact and semantically organized 3D latent manifold that
is easier for diffusion to model (More detailed results are shown in Tab. 1b), we
introduce a semantic distillation branch to inject semantics into V. Specifically,
we distill from the original VFM tokens Z = Epatch(I) and align them with
geometry tokens V ∈ RN×hv×wv×Cv . A lightweight adapter Asem maps Z into
the geometry-token space, i.e., Zsem = Asem(Z) ∈ RN×hv×wv×Cv . Following VA-
VAE [57], we employ a marginal cosine similarity loss and a marginal distance
matrix similarity loss; both are computed per view and then averaged over the
N views,

Lmcos =
1

N

N∑
n=1

1

hvwv

hv∑
i=1

wv∑
j=1

ReLU

(
1−m1 −

zn,i,j · vn,i,j

∥zn,i,j∥ ∥vn,i,j∥

)
, (5)

where zn,i,j and vn,i,j denote the feature vectors from Zsem and V at location
(i, j) for the n-th view, respectively. Moreover, letting Np = hvwv and flattening
the spatial grid into indices p, q ∈ {1, . . . , Np}, we define the marginal distance
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(b) Effect of Semantic Distillation.(a) Effect of Appearance Injection.

In
pu

t
w

/o
 S

em
. D

is
til

l
3D

-U
R

A
E

G
T

w
/o

 A
pp

. I
nj

ec
t

3D
-U

R
A

E

Fig. 3: Visualization of the effects of appearance injection and semantic
distillation. We visualize the reconstruction results with and without appearance
injection and present feature visualizations with and without semantic distillation.

matrix similarity loss (also per view, then averaged) as

Lmdms =
1

N

N∑
n=1

1

N2
p

∑
p,q

ReLU

(∣∣∣∣ zn,p · zn,q
∥zn,p∥ ∥zn,q∥

− vn,p · vn,q

∥vn,p∥ ∥vn,q∥

∣∣∣∣−m2

)
. (6)

Finally, we combine the two terms as Lsem = Lmcos + λmdmsLmdms.
Training Objective for 3D-URAE. With the appearance injection branch

and the semantic distillation branch, the 3D foundation model is transformed
into 3D-URAE, and the resulting tokens V form a unified 3D representation that
encodes geometry together with appearance and semantics. We train 3D-URAE
with a differentiable 3DGS rendering loss and the semantic distillation loss; for
each scene we predict (G,D) and render Nnovel novel views using their camera
parameters, where D is projected to modulate the opacity of G,

Lrender =
1

Nnovel

Nnovel∑
n=1

(
∥În − Igt

n ∥22 + λlpips LPIPS(În, Igt
n )
)
. (7)

We optimize the overall objective LURAE = Lrender + λsem Lsem.

3.2 Cross-view Correspondence

We train a conditional diffusion model on the unified 3D tokens produced by 3D-
URAE. For each scene, we sample a target view token grid V(tgt) ∈ Rhv×wv×Cv

and flatten it as x0 ∈ RNp×Cv with Np = hvwv. During training, we perturb
x0 with a standard forward process. Since the unified 3D token space is high-
dimensional, we adopt an x0-prediction parameterization (as observed effective
in JiT [25]), while computing the training objective in the equivalent v-space
via a deterministic conversion for numerical stability and compatibility with
standard diffusion formulations. The denoiser is conditioned on a single clean
conditioning view, its camera parameters, the target camera parameters, and
an optional text prompt embedding. Importantly, the conditioning-view tokens
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are encoded by 3D-URAE independently from the multi-view encoding used to
obtain the target token grid x0, ensuring consistent inference when only the
conditioning view is available,

x̂0 = Dθ

(
xt, t, c

(cond)
0 , T (cond), T (tgt), etext

)
, v̂θ =

αtxt − x̂0

σt
, x̂0 = αtxt−σtv̂θ,

(8)
where c

(cond)
0 is the flattened clean token grid of the conditioning view and

T denotes the corresponding camera parameters. We optimize the standard v-
prediction objective:

Lv = E
[
∥v̂θ − v∥22

]
. (9)

Cross-view Correspondence Preservation Loss. While Lv enforces prox-
imity in token space, it does not explicitly preserve cross-view structural corre-
spondence. We therefore introduce a correspondence-preserving regularizer that
aligns the nearest-neighbor matching pattern between the target view and the
conditioning view. Concretely, let c

(cond)
0 ∈ RNp×Cv denote the flattened clean

tokens of the conditioning view. For each target view token p, we compute co-
sine similarities to all conditioning locations, select the most similar index q⋆p ,
and keep it only if the confidence exceeds a threshold τ = 0.9. We then apply a
cross-entropy loss on the correspondence distribution induced by the predicted
clean tokens x̂0,

q⋆p = argmax
q

cos(x0,p, c
(cond)
0,q ), 1p = 1

(
max

q
cos(x0,p, c

(cond)
0,q ) ≥ τ

)
, (10)

Lcvc =
1∑
p 1p

Np∑
p=1

1p ·

(
− log

exp
(
cos(x̂0,p, c

(cond)
0,q⋆p

)/T
)

∑Np

q=1 exp
(
cos(x̂0,p, c

(cond)
0,q )/T

)), (11)

where T is a temperature hyperparameter. Finally, we combine the two terms:

Ldiff = Lv + λcvcLcvc. (12)

3.3 Manifold-Drift Forcing

Although the correspondence-preserving diffusion training improves cross-view
structural consistency during training, inference still suffers from a train–inference
exposure bias: the denoiser is trained to predict from ground-truth noised latents
following the forward process, while at inference it conditions on its own inter-
mediate samples. This sampling drift gradually pushes the sampled latents away
from the 3D-URAE manifold, and the discrepancy can be amplified in multi-
view generation because cross-view constraints couple all views through shared
3D structure (a detailed analysis is provided in the appendix).
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Fig. 4: Qualitative visual results on one-view-based novel view generation.

To mitigate this issue, we propose a manifold-drift forcing strategy that ex-
plicitly trains the downstream 3D decoder to be robust to off-manifold latents
produced during sampling. Concretely, for each scene we run the diffusion model
to obtain intermediate predictions within a step interval t ∼ U([T1, T2]) and take
the corresponding predicted clean latent V̂(t)

0 (i.e., reshaped from x̂0). Mean-
while, we have the ground-truth unified tokens V from 3D-URAE. We then con-
struct a drifted training latent by mixing the predicted latent with the ground
truth using a ratio α ∈ [0, 1]:

Ṽ = α V̂(t)
0 + (1− α)V, t ∼ U([T1, T2]), α ∼ U([0, 1]). (13)

We feed Ṽ into the 3D decoder (i.e., the prediction heads) to obtain (G̃, D̃)
and optimize the same differentiable 3DGS rendering objective as in Sec. 3.1.
Different from the 3D-URAE training, since most views involved in diffusion
sampling are already “noisy” (including both sampled views and conditioning
views), we do not sample additional target views; instead, we render and super-
vise all available views (the noise views and the conditioning views) under their
camera parameters. The objective is

L̃render =
1

N

N∑
n=1

(
∥Ĩn − Igt

n ∥22 + λlpips LPIPS(Ĩn, Igt
n )
)
, (14)

where Ĩn is rendered from (G̃, D̃) using the n-th view camera parameters in
the dataset convention. By training the decoder on the interpolated latent Ṽ
across a range of sampling steps, the decoder learns to tolerate diffusion-induced
manifold drift and yields more stable 3D reconstruction quality at inference.

4 Experiment

4.1 Training Details

Datasets. We train on two large-scale calibrated multi-view datasets: RealEstate10K
(Re10K) [66] and DL3DV-10K [30]. Together they contain ∼70K multi-view-
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Fig. 5: Visualization of 3DGS and rendered novel views.

consistent scenes covering diverse real-world environments. We use the official
train/test split for Re10K. For DL3DV-10K, we randomly split scenes into 90%
for training and 10% for testing. Scene-level text prompts are generated with a
multimodal large language model [15].

3D-URAE. We fine-tune the 3D foundation reconstructor π3 to obtain our
3D Unified Representation Autoencoder (3D-URAE). Training uses a 1:1 mix-
ture of Re10K and DL3DV-10K. For each scene, we sample N=8 views and
supervise Nnovel=4 novel views; all images are resized to 224×448. We opti-
mize a weighted sum of a differentiable 3DGS rendering loss (with λlpips=0.05)
and a semantic distillation objective (with λsem=0.1, λmdms=1.0 and margins
m1=m2=0.05). We initialize from the π3 checkpoint and fine-tune with AdamW [33],
using a linearly decayed learning rate from 2× 10−4 to 2× 10−5. The per-GPU
batch size is 2 (global batch size 64). All experiments are run on 32 NVIDIA
A100-SXM4-80G GPUs for 30K steps. Additional implementation details and
hyperparameter analyses are provided in the Appendix due to space constraints.

Diffusion. We train a conditional DiT [36] denoiser in the unified 3D rep-
resentation space from 3D-URAE (Sec. 3.2). The model predicts x̂0 and is op-
timized with the v-prediction loss, Lv = E

[
∥v̂θ − v∥22

]
. We additionally enforce

cross-view correspondence preservation on x̂0, Ldiff = Lv+λcvcLcvc, with τ=0.9
and λcvc=0.2. We initialize DiT from Wan-2.1-T2V-1.3B and condition on 3D-
URAE latents from a single view (with camera parameters). To focus on non-
text-conditioned generation, we apply classifier-free text dropping with rate 0.5.
Training uses the Re10K and DL3DV-10K mixture with batch size 256 (8 per
GPU), linear LR decay 1 × 10−4 → 1 × 10−5, EMA decay 0.9995, and runs
for 100K steps. Due to space constraints, additional implementation details and
hyperparameter analyses are deferred to the Appendix.
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Manifold-drift forcing. In the final stage (Sec. 3.3), we train the 3D de-
coder to be robust to off-manifold latents from diffusion sampling. We sample
intermediate timesteps t ∼ U([T1, T2]) with T1=10 and T2=20, obtain the pre-
dicted clean latent V̂(t)

0 , and form a drifted latent Ṽ = α V̂(t)
0 + (1− α)V, where

α ∼ U([0, 1]). We feed Ṽ into the 3D prediction heads to obtain (G̃, D̃) and opti-
mize the same differentiable 3DGS rendering loss as in Sec. 3.1, supervising all
views used for conditioning and sampling. We freeze the 3D-URAE encoder EV
and update only the decoder heads DV , generating drifted latents with the DiT
from the previous stage. We train with a learning rate of 2 × 10−5, batch size
256 (8 per GPU), for 10K steps.

4.2 Evaluation Protocols

We evaluate under two protocols: ground-truth-based novel view synthesis (NVS)
and the reference-free WorldScore benchmark [8]. In NVS, generation is condi-
tioned only on a single input image together with its camera parameters. We
randomly sample 500 scenes from Re10K and 500 scenes from DL3DV-10K, syn-
thesize target views at calibrated camera poses, and compare them with the cor-
responding ground-truth images. We report PSNR, SSIM [53], and LPIPS [63]
between the generated and ground-truth images, and additionally report the
VBench Score [18, 19] to assess generative capability under image conditioning,
focusing on I2V Subject (I2V Subj.), I2V Background (I2V BG), and Imaging
Quality (I.Q.). For fair comparison, each method generates at its own native
resolution (e.g., 704×480 for FlashWorld [27], 560×560 for Gen3R [17]), and all
outputs are resized to 256 × 256 before computing resolution-sensitive metrics
(e.g., PSNR and SSIM).

For WorldScore, each test case provides a single reference image together
with a text prompt and camera trajectory, and quality is measured by the stan-
dard WorldScore protocol and scoring metrics without paired ground-truth novel
views. We follow the benchmark’s photorealistic indoor split (500 scenes) for eval-
uation. However, the benchmark’s outdoor distribution differs substantially from
our training data distribution and our training set is relatively small; therefore,
for outdoor evaluation we construct a WorldScore-style set of 500 scenes from
DL3DV-10K by treating a single-view image and its text prompt from each
outdoor scene as the reference, while matching the camera trajectories from
WorldScore to drive generation. We then evaluate using the standard World-
Score protocol and metrics.

We compare against recent baselines spanning view synthesis and geometry-
aware world generation: LVSM [20], a large transformer-based NVS model with
minimal explicit 3D inductive bias; Gen3C [39], which improves camera con-
trollability and temporal consistency via an explicit 3D cache; GF (Geometry
Forcing) [54], which encourages diffusion models to internalize 3D structure for
better geometric consistency; Aether [67], a geometry-aware unified world mod-
eling framework for joint reconstruction and generation; FlashWorld [27], which
directly generates 3D Gaussian scene representations for fast rendering-based
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Table 2: Experimental results on 1-view-based novel view generation. We
report the performance of different methods on the RealEstate10K and DL3DV-10K
datasets. Best in bold; second best underlined.

Method RealEstate10K DL3DV-10K

PSNR ↑ SSIM ↑ LPIPS ↓ I2V Subj. ↑ I2V BG ↑ I.Q. ↑ PSNR ↑ SSIM ↑ LPIPS ↓ I2V Subj. ↑ I2V BG ↑ I.Q. ↑

LVSM [20] 18.54 0.694 0.336 0.993 0.991 0.487 15.18 0.516 0.482 0.962 0.966 0.421
Gen3C [39] 19.88 0.697 0.271 0.991 0.990 0.514 15.79 0.531 0.497 0.941 0.953 0.414
GF [54] 15.97 0.518 0.424 0.986 0.976 0.553 11.62 0.322 0.621 0.932 0.929 0.533
Aether [67] 16.13 0.611 0.413 0.991 0.989 0.536 13.37 0.492 0.566 0.957 0.963 0.451
FlashWorld [27] 20.18 0.724 0.256 0.993 0.994 0.584 16.02 0.566 0.451 0.964 0.969 0.538
Gen3R [17] 20.09 0.714 0.269 0.994 0.994 0.593 15.94 0.557 0.468 0.964 0.970 0.543
OneWorld (Ours) 21.57 0.735 0.231 0.993 0.995 0.604 17.19 0.589 0.418 0.966 0.973 0.556

synthesis; and Gen3R [17], which combines reconstruction and diffusion priors
to generate both appearance and geometry.

4.3 3D Scene Generation

1-view NVS on calibrated benchmarks.
We first evaluate 1-view, camera-conditioned novel view generation under the

GT-based NVS protocol on RealEstate10K and DL3DV-10K (Tab. 2 for quanti-
tative results; Fig. 4 and Fig. 5 for qualitative visualizations). OneWorld achieves
the best overall results on both benchmarks. On RealEstate10K, it reaches 21.57
PSNR and 0.735 SSIM with the lowest LPIPS of 0.231, and it also attains the
highest image quality score (I.Q. 0.604). Identity consistency is near-saturated,
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Fig. 6: Comparison of 3D scenes gener-
ated by different methods: Gen3R [17] uses
point clouds, while FlashWorld [27] and
OneWorld use 3DGS.

with I2V Subj. 0.993 and I2V BG
0.995. On DL3DV-10K, OneWorld
again ranks first, with 17.19 PSNR,
0.589 SSIM, and the lowest LPIPS of
0.418, while improving I2V Subj./BG
to 0.966/0.973 and achieving the best
I.Q. of 0.556. These results show
that OneWorld improves fidelity and
perceptual quality while maintaining
strong subject and background consis-
tency across diverse real-world scenes.
Additionally, we visualize and com-
pare methods capable of generating
3D representations (e.g., point clouds
and 3DGS), as shown in Fig. 6. The
results indicate that our method sur-
passes current SOTA baselines in pro-
ducing coherent 3D scenes.

WorldScore-style reference-free
evaluation. We further assess single-
image world generation with the reference-free WorldScore protocol (Tab. 3).
On WorldScore-Indoor, OneWorld achieves the best 3D Consistency at 84.98
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Table 3: WorldScore-style reference-free evaluation results. We report results on
WorldScore-Indoor and on DL3DV as an outdoor benchmark. Best in bold; second
best underlined.

Method
WorldScore-Indoor DL3DV

3D
Consist.

Photo.
Consist.

Obj.
Cont.

Cont.
Align.

Style
Consist.

Subj.
Quality

3D
Consist.

Photo.
Consist.

Obj.
Cont.

Cont.
Align.

Style
Consist.

Subj.
Quality

LVSM [20] 74.32 63.94 47.21 23.79 66.02 36.38 64.37 55.58 40.21 18.88 57.65 29.59
Gen3C [39] 74.11 78.74 51.36 27.12 71.18 40.05 69.41 69.96 44.18 21.92 62.23 33.07
GF [54] 78.05 69.21 46.95 24.62 68.71 38.66 67.12 58.44 41.67 20.35 59.92 31.74
Aether [67] 77.82 66.66 49.28 25.04 69.06 38.17 67.47 57.98 42.02 19.83 60.37 31.11
FlashWorld [27] 83.57 80.19 49.61 49.27 75.32 54.09 76.74 72.76 43.25 42.32 69.08 46.62
Gen3R [17] 80.19 78.64 45.80 45.61 79.10 53.76 76.69 71.30 44.75 40.38 72.13 43.84
OneWorld (Ours) 84.98 81.67 48.92 46.88 76.74 51.73 78.21 74.09 42.58 40.12 70.62 45.98
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Fig. 7: Qualitative visualization of the ablation study under the 1-view-
based NVS setting. We compare the full model with variants without Cross-View
Correspondence and without Manifold-Drift Forcing.

and the best Photometric Consistency at 81.67, indicating stronger multi-view
coherence and more stable appearance along the trajectory. It also ranks second
on both Content Alignment (46.88) and Style Consistency (76.74), trailing only
FlashWorld and Gen3R respectively. For Object Control and Subjective Quality,
OneWorld remains competitive with scores of 48.92 and 51.73, although other
methods achieve the top scores on these axes. On the DL3DV outdoor bench-
mark, OneWorld again ranks first in 3D Consistency, reaching 78.21, together
with the best Photometric Consistency of 74.09. It further attains the second-
best Style Consistency of 70.62 and the second-best Subjective Quality of 45.98,
while staying close to the leading baselines on Object Control (42.58) and Con-
tent Alignment (40.12). Overall, the reference-free results show that OneWorld
improves long-range 3D and appearance consistency across both indoor and
outdoor settings, while maintaining competitive controllability and perceptual
quality.
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Table 4: Ablation on generation components evaluated on RealEstate10K under the
1-view NVS setting.

Method PSNR ↑ SSIM ↑ LPIPS ↓ I2V Subj. ↑ I2V BG ↑ I.Q. ↑

OneWorld (full) 21.57 0.735 0.231 0.993 0.995 0.604
w/o CVC 19.10 0.682 0.284 0.989 0.990 0.566
w/o MDF 20.59 0.714 0.256 0.992 0.994 0.589

4.4 Ablation Study

As shown in Tab. 4 and Fig. 7, both components contribute substantially to view-
consistent generation quality. Removing the correspondence regularizer (w/o
CVC) leads to a clear degradation across all appearance metrics, with PSNR
dropping from 21.57 to 19.10, SSIM decreasing from 0.735 to 0.682, and LPIPS
increasing from 0.231 to 0.284. This verifies that explicitly enforcing cross-view
correspondence during diffusion training is crucial for preserving multi-view
alignment in the unified 3D representation space, and helps suppress view-
dependent artifacts that otherwise accumulate when synthesizing novel view-
points from a single observation.

We also observe a consistent, though milder, degradation when removing
manifold-drift forcing (w/o MDF). Without MDF, the reconstruction scores drop
from 21.57 to 20.59 and from 0.735 to 0.714, while the perceptual distance in-
creases from 0.231 to 0.256. This suggests that the 3D decoding heads become
more sensitive to the shifted latents encountered along the sampling trajectory.
Overall, the full model achieves the best fidelity and perceptual quality. The re-
sults imply that CVC mainly improves cross-view structural consistency during
generation, whereas MDF further stabilizes decoding under the inference-time
shift, leading to more reliable renderings in the 1-view NVS setting.

5 Conclusion

We present OneWorld, a diffusion framework that generates 3D scenes directly
in the representation space of a pretrained 3D foundation model, overcoming
the structural inconsistency and inefficiency of per-view 2D latent pipelines. By
unifying geometry, appearance, and semantics in a coherent 3D representation
space and explicitly enforcing cross-view structure while stabilizing sampling,
OneWorld enables consistent and high-fidelity 3D scene generation. Our find-
ings in this paper suggest that generative modeling in 3D foundation represen-
tation space marks a promising paradigm toward scalable and unified 3D world
generation.
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