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Fig. 1: Visual comparisons. Top: Comparison between our GeoWorld and previous
methods. By incorporating full-frame geometry constraints, our approach achieves supe-
rior visual quality. Bottom left: Results before applying full-frame geometry constraints,
which often suffer from geometric distortions and blurry content. Bottom right: Results
after applying full-frame geometry constraints. By unlocking the potential of geometry
models, our GeoWorld produces clear geometric structures and sharp visual details.

Abstract. Previous works that leverage video models for image-to-3D
scene generation often suffer from geometric distortions and blurry con-
tent. Using video generation models to implicitly maintain geometric
consistency according to a single-frame input is ineffective. In this paper,
we present a two-stage method, named GeoWorld, that renovates the
image-to-3D scene generation pipeline by providing full-frame geometry
features. The first-stage video generation model, followed by a multi-view
geometry model, produces full-frame geometry features, which are then
used as a mental draft of geometric conditions to aid the second-stage
video-generation model. A geometric loss is proposed to impose real-world
geometric constraints, and a geometry adaptation module is introduced
to ensure the effective utilization of geometry features. Thanks to full-
frame geometric modeling, the two smaller video models in our two-stage
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method can generate higher-fidelity 3D scenes than SOTA methods, while
being even faster, e.g . 7.5× faster than Hunyuan-Voyager. Project page:
https://peaes.github.io/GeoWorld.
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1 Introduction

Generating a high-fidelity 3D scene from a single image has become a significant
topic in recent years due to its high value in applications such as entertainment,
interior and architectural design, and autonomous driving [10–12,27,51,63,73,
75,78]. Leveraging deep learning methods for this task can significantly advance
traditional 3D modeling pipelines. Given the limited information in a single
image, a common approach is to use generative model priors to synthesize the
scene content. Early methods [5,6,17,29,43,65,70,76] often rely on 2D generative
models [16,44], which often lead to issues such as structural inconsistency and
inconsistencies within the scene content.

Thanks to the advances in foundational 3D generative models, some recent
works [4, 14,20,21,28,32,36,40,45–47,58,64,67,68] use video models [18,50,62]
and leverage their implicit 3D priors to alleviate the aforementioned issues. Such
methods typically employ video models to synthesize a video under a specified
camera trajectory from a single input image, and subsequently reconstruct a 3D
scene from the generated video. However, generating high-fidelity videos from a
single image remains challenging. As shown at the top of Fig. 1, these methods
often suffer from geometric distortions and blurry content, which degrade the
quality of the final 3D reconstruction. To address the above issues, a common
approach is to provide additional geometric guidance for the model. As shown
in Fig. 2(a), some previous works [4,21,67] have utilized estimated monocular
depth maps as spatial priors or camera embeddings to assist in video generation.
‘Optional’ indicates that this step is not included in some methods.

Compared to tasks such as 3D reconstruction [34, 37, 52] or multi-view-to-3D
scene generation [10,68], image-to-3D scene generation is significantly more ill-
posed. How to effectively provide geometric guidance for this task remains an open
question. Previous works rely on limited geometric information extracted from a
single input frame, which is insufficient to guide the generation of an entire video.
Consequently, even larger models struggle to produce satisfactory results [4, 21].
However, providing corresponding geometric information for every frame is
extremely challenging. Fortunately, we experimentally find that feeding rendered
partial views into the video model produces coarse but content-complete condition
views, as shown in Fig. 2(b). These views can be used to extract geometric
information, thereby providing full-frame guidance for the subsequent generation
process. Inspired by this, we propose a new two-stage pipeline paradigm for this
task that incorporates full-frame geometric features into the video generation
process. As shown in Fig. 2(b), in the first stage, we generate a video with
complete content, and then leverage geometry models that can extract geometric
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Fig. 2: Pipeline comparison. (a) Pipelines of previous methods [4, 21, 67]. Although
details vary, their video models are conditioned only on single-frame information and
limited geometric information. ‘Optional’ indicates that this step is not included in
some methods. We can see that partial views or partial depths have very limited
information. (b) Our GeoWorld leverages the geometric condition generation procedure
and a geometry model to obtain full-frame geometry features for generation, rather
than relying solely on geometry extracted from the input image.

information from multiple frames to provide geometry features. These features
are then used to facilitate the second-stage video generation model.

To be specific, we first render the single-frame input using the given camera
trajectory. The resulting rendered partial views are fed into a fine-tuned video
model to generate a coarse but content-complete video. This video can then
be used as input to a geometry model to extract full-frame geometry features,
providing a mental draft of geometric conditions for the second-stage video
generation model. Since the geometric information is derived from a model of
limited accuracy, we further design a geometric alignment loss to compensate for
this limitation. Instead of directly embedding the obtained geometry features as
conditioning, our geometric alignment loss aligns the geometry features extracted
from the predicted and ground-truth videos during training. This design imposes
real-world geometric constraints on the model, and the number of frames is
naturally consistent. Finally, we propose a geometry adaptation module to
effectively exploit the extracted full-frame geometry features for improving video
generation quality.

From Fig. 1, we can see that our GeoWorld is able to generate a high-fidelity
3D scene from a single image and a given camera trajectory, outperforming
other state-of-the-art methods. Counterintuitively, although we introduce an
additional procedure for obtaining full-frame geometry features, our two-stage
method is more efficient, e.g . uses only 0.3× the model size and achieves 7.5×



4 Wan et al.

…
Geometry

Adaptation
Module

…

Geo Constrained 
Diffusion

…

E
nc D
e
c

…

Condition Views Predicted Views

Geo Model

…

Ground Truth

…

Input

Geometric 
Condition 

Generation 

Image 
& 

Cameras

render Condition 
Views

Geo Model
Outputs

Geo 
Tokens

Geometric Condition Generation Geometry Adaptation Module

Video Model Pooling 
& 

Interpolation

MLP Adapter

Global Weighting

Diffusion loss Geometric lossnoise

Fig. 3: Overview of our GeoWorld. During training, we perform the geometric con-
dition generation procedure, feeding the obtained condition views into the geometry
model to obtain full-frame geometry features, which are then processed by the geometry
adaptation module. Together, the condition views and geometry features serve as input
to the geometry-constrained diffusion model. The predicted views produced by this
model are then used to reconstruct the 3DGS scene.

faster inference than Hunyuan-Voyager [21] (See Sec. 4.4). Our contributions can
be summarized as follows:

– We propose GeoWorld, a novel two-stage pipeline paradigm for single-image-
to-3D scene generation. We incorporate full-frame geometric features into the
video generation process to alleviate the difficulty of generation caused by the
limited input information inherent in this task.

– We explore how to leverage geometry models to assist the video generation pro-
cess. In this exploration, we design a geometric condition generation procedure,
a geometric alignment loss, and a geometry adaptation module to gradually
unlock the potential of geometric information.

– Our GeoWorld outperforms previous methods qualitatively, achieves superior
fidelity, yet is more computationally efficient.

2 Related work

2.1 3D Scene Generation

Existing scene generation methods can be broadly categorized into four types. The
first category comprises view-by-view image inpainting approaches [5,25,30,39,61,
65,66,76], which generate frames sequentially along a predefined camera trajectory.
However, due to the lack of global semantic consistency, they struggle to produce
semantically coherent full-scene results. The second category directly generates 3D
scene representations [3,31,33,48,69] such as 3D Gaussian Splatting (3DGS) [23].
While these methods offer advantages in 3D consistency and reconstructability,
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their performance is often constrained by the scarcity of high-quality 3D data,
posing challenges for training robust models. The third category is compositional
scene generation [1,7,22,55,63], where the key idea is to generate individual objects
and place them plausibly within a scene layout. Although significant progress
has been made in 3D object generation, these methods still face unresolved
issues related to model stability, object placement, and occlusion handling. The
final category is controllable video generation [4, 13, 36, 38, 46, 67, 74], which aims
to synthesize a sequence of spatially consistent video frames given a camera
trajectory. This is typically achieved by fine-tuning pre-trained video diffusion
models, which can produce visually appealing videos. However, such methods
often exhibit geometric inconsistencies and structural artifacts that degrade the
quality of subsequent 3D reconstructions.

To overcome these limitations, our method leverages multi-frame geometric
information and introduces constraints to enforce spatial consistency, leading to
highly competitive reconstruction results.

2.2 Learning-Based 3D Reconstruction

Unlike traditional 3D reconstruction pipelines that require training separately
for each individual scene, learning-based reconstruction methods leverage neural
networks trained on large-scale scene datasets to encode strong scene priors,
ultimately achieving impressive open-world generalization capabilities [9, 26,34,
37,41,42,52–54,56,59,60,72]. DUSt3R [54] directly regresses a 3D point cloud from
a pair of RGB images. It extracts features from the two views using a transformer
architecture enhanced with cross-attention mechanisms, and then feeds the fused
features into a regression head to predict the point cloud along with a confidence
map. Its successor, MASt3R [26], maintains the two-view regression paradigm
but introduces a confidence-weighted loss to improve prediction reliability. Recent
methods have generalized the two-view alignment-based architecture to handle
multi-view scenarios, allowing for the joint processing of long frame sequences—up
to 100 frames or more—as demonstrated by models such as Fast3R [60] and
VGGT [52]. VGGT scales up the core idea of DUSt3R into a 1.2B-parameter
transformer that jointly predicts camera intrinsics and extrinsics, dense depth
maps, 3D point clouds, and 2D tracking features. The features extracted by
such architectures exhibit strong 3D consistency and can support a wide range
of downstream 3D tasks. Since video generation models often lack explicit 3D
consistency control, introducing geometry features to guide the video generation
process emerges as a natural and promising direction.

3 Methodology

As mentioned in Sec. 1, our goal is to leverage geometry models to provide
reliable full-frame conditional signals for the video generation process. In practice,
we use VGGT [52] as the geometry model. The overall architecture of our
GeoWorld is shown in Fig. 3. Our design consists of three components: a geometric
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condition generation procedure to obtain full-frame geometry features, a geometric
alignment loss to introduce real-world geometric constraints, and a geometry
adaptation module to utilize the geometry features effectively. For the video
generation process, during training, we first fine-tune a video model. We then let
this model perform inference on the entire training set, and the newly generated
data is used to train the geometry-constrained diffusion model. Finally, we use
the predicted views to reconstruct the 3DGS scene.

3.1 Geometric Condition Generation

The primary challenge of utilizing geometry models to help the video generation
process lies in obtaining suitable geometry features. With only a single input frame,
one can extract geometry for that frame alone, which provides limited guidance
for subsequent frames in the video. We solve this by introducing a geometric
condition generation procedure to attain appropriate full-frame geometry features.
As shown in Fig. 3, this procedure employs a fine-tuned video model to generate
conditional views from the single-frame input and the given camera trajectory.
In the full GeoWorld pipeline, these conditional views are then processed by the
geometry model to obtain full-frame geometry features. Specifically, the entire
process consists of two components: rendering and completion.
Rendering. The goal of this component is to obtain a video, in which each frame
is the rendering of the input single-frame image under the given camera trajectory.
This video serves as the input to the video model. The rendering procedure differs
between the training and inference phases to ensure higher-quality inputs during
training. During training, we reconstruct the 3DGS scene using all available
frames from the dataset, and then start from a random frame, extract its depth
from the 3DGS, and perform back-projection and pairing process [4]. During
inference, we directly estimate the point cloud of the single-frame input under the
given camera trajectory using MAST3R [26], and then perform back-projection.
Completion. The goal of this component is to use the fine-tuned video model
to complete the rendered video into a content-complete one. Specifically, we first
collect a batch of training data to fine-tune the video model directly. Then, the
fine-tuned video model performs inference on the entire training dataset, and
the newly generated data is used to train the geometry-constrained diffusion
model shown in Fig. 3. In terms of model design, since only single-frame geometry
features are available at this stage, we simply use them as additional conditions
and embed them into the model through cross-attention.

Through this process, we can obtain full-frame geometry features with the help
of the geometry model. These outcomes also reflect, to some extent, the limitations
of directly fine-tuning video models for geometrically consistent video generation.
In Sec. 4.5, we further discuss the quality of the conditional views (Fig. 11) and
validate the role of the geometry features in the subsequent optimization process
through comparisons (Fig. 9).
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3.2 Geometric Alignment Loss

Although the geometric condition generation process provides relatively com-
plete geometric information, it is derived from a model of limited accuracy. To
compensate for this limitation, we introduce real-world geometric information
to guide the video generation process toward geometrically 3D scene synthesis.
Specifically, we incorporate a geometric alignment loss into the diffusion objec-
tive, which compares the geometric features extracted from the generated and
ground-truth videos. The loss is computed as the mean squared error between
the two corresponding features obtained from the geometry model. In GeoWorld,
this geometry model corresponds to the aggregator module of VGGT [52], with
the decoding stage omitted to preserve complete geometric representations.

Specifically, given the ground-truth data I, a randomly sampled timestep
t, and the corresponding Gaussian noise ϵ, we first encode I using the pre-
trained VAE encoder and apply the forward process to obtain the input x for
the geometry-constrained diffusion model. Geometry tokens cgeo are obtained as
described in Sec. 3.3. The diffusion loss is then defined as:

Ldiff = Et,ϵ∼N

[
∥ϵ− ϵθ(x, cgeo, t)∥22

]
. (1)

Given the predicted views Ipred and the geometry model G, the geometric loss is
defined as:

Lgeo = ∥G(I)−G(Ipred)∥22 . (2)

By leveraging the priors of the geometry model, this design could implicitly
provide the model with real-world geometric information, ensuring that the opti-
mization direction of the geometry-constrained model is geometrically consistent
with the ground truth. The geometric alignment loss is defined as:

L = Ldiff + λLgeo, (3)

where λ is used as the weight for the geometric loss. As shown in Fig. 10, we
observe that the outputs exhibit fewer geometric distortions and artifacts after
incorporating the geometric alignment loss.

3.3 Geometry Adaptation Module

The goal of this subsection is to enable the model to effectively utilize the
geometry features. In the latent space, since the output g of the geometry model
differs from the input x of the video model along the frame, height, and width
dimensions, we first perform pooling along the frame dimension and interpolation
along the height and width dimensions to obtain gresize, aligning its size with x.
We then train an MLP-based adapter to process the resized features and align
them with the latent space of the video model, resulting in gada.

Since the generation of condition views lacks geometric guidance, some regions
inevitably exhibit ambiguous geometric structures. To prevent these ambiguous
structures from misleading the model, we perform a global weighting on gada
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after processing it with the MLP adapter. We use an MLP-based predictor
to integrate global information, similar to the Squeeze-and-Excitation block
proposed in [19], and output a global weight for each token. By visualizing the
global weights, we observe that low-weight tokens contain limited useful geometric
information (Sec. 4.5). As a result, we multiply the global weights with gada and
empirically discard the bottom 50% of tokens with lower weights to achieve a
better performance, resulting in the final geometry tokens cgeo.

Finally, we fuse the obtained cgeo with x using a single-frame cross-attention
in each layer. Given the query Q from x, key K from cgeo, and value V from
cgeo, the formulation can be written as follows:

CA(Q,K,V) = Softmax

(
QKT

√
dk

+B

)
V, (4)

where B is an aligned relative position embedding and
√
dk is a scaling factor [8].

4 Experiments

4.1 Experimental Settings

Model and training details. We use Wan2.1-1.3B [50] as our video model.
During training, we set the batch size, learning rate, input image resolution, video
frame length, and the weight for the geometric loss to 16, 5e-5, 192×336, 17, and
0.2, respectively. The video model in the geometric condition generation procedure
and the geometry-constrained model are trained for 7000 and 2000 iterations,
respectively. Our geometry adaptation module and the geometry-constrained
diffusion model are trained simultaneously. The training process is conducted on
8 NVIDIA A100 GPUs.
Training Dataset. We use DL3DV [35] as our training dataset and construct
training pairs following the dataset construction method proposed in FlexWorld [4]
(See Sec. 3.1). Specifically, we sample two epochs from DL3DV and select the
top 25% of cases with the smallest average camera translation and rotation to
ensure the quality of the partial views, resulting in approximately 5000 video
pairs. We found that this simple filtering strategy effectively removes low-quality
and facilitates training.
Testing and evaluation. We use the RealEstate10K (RE10K) [77] and the Tanks
and Temples (Tanks) [24] as our test datasets, following the same construction
method as FlexWorld. We randomly select 100 video clips from RE10K and 100
video clips from Tanks, each of which consists of 49 frames. We adopt PSNR,
SSIM [57], LPIPS [71], FID [15], and FVD [49] as our evaluation metrics.

4.2 Comparisons with State-of-the-Art Methods

Quantitative comparisons. We show the quantitative comparisons between
our GeoWorld and recent state-of-the-art methods (See3D [38], ViewCrafter [67],
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Table 1: Quantitative comparison of our GeoWorld with recent state-of-the-art meth-
ods on novel view synthesis. The best performances are in bold and the second
performances are underlined.

Datasets Method PSNR↑ SSIM↑ LPIPS↓ FID↓ FVD↓

RealEstate10K

See3D [38] 14.60 0.5307 0.4402 38.25 378.4
ViewCrafter [67] 14.37 0.4854 0.4670 32.35 445.1
FlexWorld [4] 14.28 0.5223 0.4418 30.56 270.4
Hunyuan-Voyager [21] 14.85 0.5430 0.4357 52.32 569.6
GeoWorld (ours) 17.28 0.6193 0.3297 31.00 311.7

Tanks and Temples

See3D [38] 13.00 0.3977 0.5400 53.36 571.9
ViewCrafter [67] 12.53 0.3651 0.5558 41.33 716.3
FlexWorld [4] 12.99 0.3938 0.5298 38.69 422.6
Hunyuan-Voyager [21] 12.60 0.3855 0.5769 68.26 969.3
GeoWorld (ours) 14.99 0.4625 0.4556 39.39 507.9

Table 2: Quantitative comparison of our GeoWorld with recent state-of-the-art meth-
ods on 3D scene generation. The best performances are in bold and the second
performances are underlined.

Method
RealEstate10K Tanks and Temples

PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓

See3D [38] 14.67 0.5315 0.4413 13.14 0.3979 0.5420
ViewCrafter [67] 13.34 0.4847 0.4754 12.02 0.3649 0.5717
FlexWorld [4] 13.71 0.4775 0.5174 12.46 0.3543 0.5785
Hunyuan-Voyager [21] 13.52 0.4780 0.5189 12.27 0.3528 0.5950
GeoWorld (ours) 16.64 0.5970 0.4284 15.00 0.4642 0.5058

FlexWorld [4], and Hunyuan-Voyager [21]) in Tab. 1 and Tab. 2. Tab. 1 reports
the quantitative comparisons in novel view synthesis (i.e., the video generation
process). We obtain the input of the video model following the method described
in Sec. 3.1. As shown, our GeoWorld outperforms previous methods in terms
of fidelity (PSNR, SSIM) and achieves competitive perceptual quality (LPIPS,
FID, and FVD). In particular, the LPIPS score is lower than those of all pre-
vious methods, while the FID and FVD scores are only slightly higher than
FlexWorld [4].

Tab. 2 presents the quantitative comparisons in 3D scene generation. We
reconstruct the generated videos into 3DGS and render images from corresponding
camera poses to compute the evaluation metrics. As shown, our GeoWorld
surpasses previous methods across all metrics, including fidelity (PSNR, SSIM)
and perceptual quality (LPIPS). All these results demonstrate the effectiveness
of our method.

Qualitative comparisons. Fig. 4 and Fig. 5 show the qualitative comparison
results. Fig. 4 presents the qualitative comparisons in novel view synthesis (i.e.,
the video generation process). As shown, the videos generated by our GeoWorld
contain fewer artifacts, richer details, and exhibit stable camera control. Fig. 5
shows the qualitative comparisons in 3D scene generation. As illustrated, our
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(a)Ground Truth (b)See3d (c)ViewCrafter (d)FlexWorld (e)Voyager (f)GeoWorld(ours)

Fig. 4: Qualitative comparison of GeoWorld with state-of-the-art methods on novel
view synthesis.

GeoWorld can maintain high-quality geometric structures, while producing fewer
artifacts compared to previous methods.

4.3 3D Evaluation

To further evaluate the capabilities of the image-to-3D scene model, we con-
duct multi-view consistency and image matching tests using MEt3R [2] and
MASt3R [26]. We reconstruct the generated videos into 3DGS and render images
from corresponding camera poses to serve as the inputs for testing.
Multi-view consistency. Fig. 6 shows the MEt3R [2] results. We calculate the
MEt3R score for each adjacent frame in a scene (49 frames), with lower scores
indicating better multi-view consistency. As shown, our GeoWorld has the lowest
MEt3R scores. Furthermore, since the videos used in the test are rendered by
3DGS, the lower MET3R score also indicates the stability of the 3DGS structure
and that 3DGS contains fewer geometric conflict areas.
Image matching. Fig. 7 shows the image matching results. We input two frames
from one scene, then use MASt3R [26] for image matching test and visualize
the matched points. As seen, GeoWorld achieves the best matching results, and
the output frames adhere to the geometric logic of 3D space at the pixel level.
These test results demonstrate the superiority of our GeoWorld and validate the
rationale behind our use of geometric conditions.
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(a)Ground Truth (b)See3d (c)ViewCrafter (d)FlexWorld (e)Voyager (f)GeoWorld(ours)
Fig. 5: Qualitative comparison of our GeoWorld with recent stage-of-the-art methods
on 3D scene generation.

(a)See3d (b)ViewCrafter (c)FlexWorld (d)Voyager (e)GeoWorld(ours)(f)MEt3R Scores
Fig. 6: MEt3R results [2]. Lower scores indicate better multi-view consistency.

4.4 Cost Analysis

We report parameters (the sum of the two-stage models for GeoWorld), training
time (train on 8 NVIDIA A100 80 GB GPUs, See3D [38] uses 114 NVIDIA A100
40GB GPUs), inference time, and inference GPU memory cost in the Tab. 3
(inference on 1 NVIDIA A100 80GB GPU). Train time and inference time of
GeoWorld represent the total duration of our two-stage pipeline. As shown,
our method has lower numbers of parameters and compute cost among video
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Matching: 481 Matching: 890 Matching: 434 Matching: 946 Matching: 1250
(a) See3d [38] (b) ViewCrafter [67] (c) FlexWorld [4] (d) Voyager [21] (e) GeoWorld (ours)

Fig. 7: Image matching results [26]. ‘Matching’ denotes the number of matched points
between two views. A higher count of matches indicates superior multi-view consistency
of the views.

Table 3: Cost analysis. Our GeoWorld has lower numbers of parameters and compute
cost among video diffusion model–based methods (ViewCrafter [67], FlexWorld [4], and
Hunyuan-Voyager [21]). See3D [38] has lower GPU memory cost since it is based on a
2D diffusion model.

Model PSNR(RE10K) Params. Train. Time Infer. Size Infer. Time Infer. Mem.
See3d [38] 14.60 1.6B 25days 512*512*25 73s 9G
ViewCrafter [67] 14.37 2.6B - 576*1024*25 120s 24G
FlexWorld [4] 14.28 5.0B 7days 576*1024*49 201s 28G
Hunyuan-Voyager [21] 14.85 12.8B - 512*768*49 1110s 48G
GeoWorld (ours) 17.28 3.9B 4days 576*1024*49 148s 31G

diffusion model–based methods (ViewCrafter [67], FlexWorld [4], and Hunyuan-
Voyager [21]), with an acceptable increase in GPU memory used to load the
VGGT model during inference (See3D [38] has lower GPU memory cost since it
is based on a 2D diffusion model).

4.5 Ablation Study

Direct analysis of gains from the geometric conditions. We perform
two experiments: (i) The removal of geometric conditions throughout the entire
process(Fig. 8(c)). The purpose of (i) is to provide a straightforward ‘base model’
to demonstrate the gains from our method. (ii) The model conditioned on depth
maps(Fig. 8(d)). The purpose of (ii) is to demonstrate that the embedding
of geometric features is superior to simple geometric conditions. As shown in
Fig. 8, GeoWorld could provide clearer geometry and sharper visual content. This
indicates that providing no geometric conditions or providing simple geometric
conditions for the video model are both worse than GeoWorld’s method of
providing high-quality geometric conditions.
Effectiveness of the geometry-constrained diffusion model. We then
evaluate the effectiveness of geometry-constrained diffusion model by comparing
the quality of the condition views produced by the geometric condition generation
procedure with predicted views produced by the geometry-constrained diffusion
model. Fig. 9 shows the visual comparisons. It can be clearly observed that



GeoWorld, ECCV 2026 13

(a)Input (b)Ground Truth (c)w/o geo. cond. (d)depth only (e)GeoWorld

Fig. 8: Gains from the geometric conditions. As shown, providing no geometric condi-
tions or providing simple geometric conditions for the video model are both worse than
GeoWorld’s method of providing high-quality geometric conditions.

(a) Before geo-constrained model

(b) After geo-constrained model

Fig. 9: Visual comparisons of the geome-
try constraints.

(a)Emb. directly (b)+GAL (c)+GAM

Fig. 10: Visual comparisons of the de-
sign of the geometry-constrained diffusion
model. ‘GAL’: geometric alignment loss.
‘GAM’: geometry adaptation module.

Table 4: Design of geometry-constrained diffusion model.

Model PSNR↑ LPIPS↓

Embed directly 16.77 (+0.00) 0.3381 (+0.0000)
+ Geometric Alignment Loss 16.96 (+0.19) 0.3284 (-0.0097)

+ Geometry Adaptation Module

+ Resize 17.17 (+0.40) 0.3286 (-0.0095)
+ Global Weighting 17.28 (+0.51) 0.3292 (-0.0089)

the refined videos contain almost no blurry regions, the generated objects are
sharper, more detailed, and exhibit clearer geometric structures, demonstrating
the effectiveness of geometric constraints.
Design of the geometry-constrained diffusion model. We then verify
the rationality of our model design. The design of the geometry-constrained
diffusion model consists of two main components: the geometric alignment loss
described in Sec. 3.2 and the geometry adaptation module described in Sec. 3.3.
The quantitative comparison results on the RE10K [77] test set are presented in
Tab. 4. ‘Embed directly’ refers to directly embedding the geometry features into
the model via cross-attention. As shown, each component of our model contributes
to improvements in the PSNR metric. In particular, introducing the geometric
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FID

(3000, 32.17)

(7000, 29.55)
[for GeoWorld]

(11000, 29.66)

Training Step
Fig. 11: Quantitative comparisons of the
geometric condition generation procedure.

(a)7000 Steps (b)11000 Steps (c)After geo.
constraint

Fig. 12: Visual comparisons of the geo-
metric condition generation procedure.

alignment loss leads to an improvement in the LPIPS metric, indicating enhanced
perceptual quality, which is consistent with our objective of incorporating real-
world geometric information. We also provide visual comparisons in Fig. 10.
It can be observed that after introducing the geometric alignment loss, the
distorted geometry and artifacts in the outputs are notably reduced, while
further incorporating the geometry adaptation module leads to clearer geometric
structures, reduces grid-like artifacts, and produces cleaner visual results.

Discussion about the geometric condition generation procedure. The ge-
ometric condition generation procedure in our overall pipeline requires additional
discussion, mainly concerning the performance of the video model fine-tuned
during this process. If the fine-tuned video model is undertrained, it may fail to
provide sufficient geometric information and could even introduce incorrect guid-
ance to the geometry-constrained model. If the fine-tuned video model is trained
for a sufficiently long time and can already generate highly detailed videos, the
subsequent refinement process would become unnecessary. The results presented
in Fig. 11 and Fig. 12 might address these concerns. As shown in Fig. 11, the
model trained for 7000 steps achieves the lowest FID, and further increasing the
training steps does not lead to additional improvements. The visual comparisons
in Fig. 12 show that the fine-tuned video model (7000 steps) in the geometric
condition generation procedure still suffers from geometric distortions and blurry
content even after an additional 4000 training steps (11000 steps). In contrast,
the geometry-constrained model (with an additional 2000 steps) produces videos
with clearer geometry and sharper visual content.

Analysis of global weighting process. We analyze the global weighting
process proposed in Sec. 3.3. Fig. 13 presents the visualization results. The first
row shows the condition views provided by the geometric condition generation
procedure, while the darker regions in the second row visualize the bottom 50%
low-weight tokens identified by the global weighting process. It can be observed
that our global weighting process effectively filters out low-quality tokens. As
illustrated in the first column, this process is able to detect blurry regions within
the condition views. In the second and third columns, when the conditional
views contain few blurry regions, the process tends to retain regions containing
richer geometric structures (e.g., the sky and plain-colored walls contain limited
geometric information).
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(a) Condition Views

(b) Visualization of low-weight tokens

Fig. 13: Visualization of the global
weighting process. The darker regions in
the second row visualize the low-weight
tokens identified by the process.

(a) 50% (b) 30% (c) 70%

Fig. 14: Visual comparisons of different dis-
card ratios in the global weighting process.
The darker regions visualize the discarded
tokens.

Table 5: Quantitative results of different discard ratios in the global weighting process.

Discard ratio PSNR↑ SSIM↑

50% (For GeoWorld) 17.28 (+0.00) 0.6193 (+0.0000)
30% 17.17 (-0.11) 0.6173 (-0.0020)
70% 17.22 (-0.06) 0.6188 (-0.0005)

Ablation on the discard ratio in the global weighting process. Fig. 14
presents the visualization of the discarded tokens. As shown, when the discard
ratio is set to 30%, some low-quality regions(e.g., blurry content or regions that
contain limited geometric information) are still retained. When the ratio increases
to 70%, although most low-quality regions are effectively removed, a considerable
portion of the geometrically informative main regions is also discarded. A discard
ratio of 50% strikes a favorable balance between the two. Furthermore, Tab. 5
presents the quantitative results of different discard ratios. As can be seen, a
discard ratio of 50% achieves the best PSNR and SSIM performance.

5 Conclusions

In this paper, we propose GeoWorld, a novel pipeline paradigm that can provide
full-frame geometric features to the video generation process to alleviate the
high generation difficulty caused by the limited input information inherent in
this task. Furthermore, we explore how to leverage geometry models to obtain
full-frame features and assist the video generation process. Extensive experiments
demonstrate the effectiveness of our method, which outperforms previous methods
qualitatively while achieving superior fidelity and competitive perceptual quality
quantitatively. We expect that our GeoWorld can inspire future research and
provide a new perspective for designing image-to-3D scene generation models.
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