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Figure 1. VerseCrafter enables precise control of camera motion and multi-object motion via a 4D Geometric Control representation built
from a static background point cloud and per-object 3D Gaussian trajectories, producing videos that better follow the desired motion than
Yume [63] and Uni3C [11] and more closely match the ground-truth video.

Abstract

Video world models aim to simulate dynamic, real-world
environments, yet existing methods struggle to provide uni-
fied and precise control over camera and multi-object mo-
tion, as videos inherently capture dynamics in the projected
2D image plane. To bridge this gap, we introduce Ver-
seCrafter, a geometry-driven video world model that gener-
ates dynamic, realistic videos from a unified 4D geometric
world state. Our approach is centered on a novel 4D Ge-
ometric Control representation, which encodes the world
state as a static background point cloud and per-object 3D
Gaussian trajectories. This representation captures each
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object’s motion path and probabilistic 3D occupancy over
time, providing a flexible, category-agnostic alternative to
rigid bounding boxes and parametric models. We render
4D Geometric Control into 4D control maps for a pre-
trained video diffusion model, enabling high-fidelity, view-
consistent video generation that faithfully follows the spec-
ified dynamics. To enable training at scale, we develop
an automatic data engine and construct VerseControl4D,
a real-world dataset of 35K training samples with automat-
ically derived prompts and rendered 4D control maps. Ex-
tensive experiments show that VerseCrafter achieves supe-
rior visual quality and more accurate control over camera
and multi-object motion than prior methods.


https://sixiaozheng.github.io/VerseCrafter_page/

1. Introduction

Video world models learn to simulate world dynamics by
generating future frame sequences conditioned on past ob-
servations and control signals, such as actions or camera
trajectories [13, 30, 41, 48, 63]. They provide a unified in-
terface for visual prediction [32], navigation [7], and ma-
nipulation [23]. However, the reliance on video introduces a
fundamental challenge: while an ideal world model should
simulate the full 4D spatiotemporal space to reflect our
physical reality, videos inherently capture dynamics in the
projected 2D image plane.

To bridge this gap, recent works introduce camera con-
trol into video generation through explicit 3D geometry [11,
117, 127], implicit pose embeddings [52], or learned move-
ment embeddings [9, 12, 70]. However, these methods
are often limited to static scenes or leave multi-object mo-
tion uncontrolled. Existing approaches typically rely on
2D cues such as point trajectories [98], optical flow [58],
masks [125], or bounding boxes [91], which lack 3D aware-
ness and often fail under large viewpoint changes. More
advanced 3D-aware methods use depth maps [124], sparse
3D trajectories [15], 3D bounding boxes [94], or paramet-
ric human models like SMPL-X [11] to align camera and
object motion in 3D space. Nevertheless, these control rep-
resentations remain inadequate for modeling multi-object
dynamics as a unified, compact, and editable 4D geomet-
ric scene state in a shared world coordinate frame. For in-
stance, sparse trajectories are often noisy and incomplete,
3D bounding boxes impose rigid constraints ill-suited to
natural objects, and SMPL-X representations are category-
limited. Furthermore, several existing works focus on syn-
thetic game environments [41, 111, 115], where precise an-
notations are available for training. However, controllable
modeling of complex, realistic 4D scenes with multi-object
motion remains underexplored.

Thus we propose VerseCrafter, a realistic, dynamic
video world model that enables precise control of cam-
era and multi-object motion within a unified 4D geometric
world state, as shown in Fig. 1. At the core of VerseCrafter
is our 4D Geometric Control representation, which repre-
sents the scene state as a static background point cloud
for scene geometry and per-object 3D Gaussian trajectories
to capture object dynamics. Each 3D Gaussian trajectory
models an object’s probabilistic 3D occupancy over time:
its mean defines the motion path, while its covariance cap-
tures the object’s spatial extent and orientation. This prob-
abilistic formulation provides a soft, flexible, and category-
agnostic way to model diverse object shapes and motions,
overcoming the limitations of rigid 3D bounding boxes or
category-specific parametric models. Crucially, the back-
ground point cloud and per-object 3D Gaussian trajectories
share a common world coordinate frame, enabling coherent
and unified control over both camera and object motion.

By rendering 4D Geometric Control into multi-channel
4D control maps, we condition a frozen Wan2.1-14B video
diffusion backbone [88] via a lightweight GeoAdapter, an
adapter-style branch inspired by ControlNet [119]. This
conditioning enables the generation of high-fidelity videos
that faithfully reflect the explicit 4D geometric world state.
Unlike 2D control signals, our 4D Geometric Control
is inherently 3D-aware, making it naturally more view-
consistent and robust to occlusions, and thus a more effec-
tive and reliable interface for video world modeling. Train-
ing VerseCrafter requires large-scale paired data of real-
world videos and corresponding 4D geometric control. To
this end, we construct VerseControl4D, a real-world video
dataset with automatically derived prompts and rendered
4D control maps. This dataset supports large-scale training
on diverse real-world videos.

Our contributions are threefold:

* We introduce a novel 4D Geometric Control represen-
tation that unifies camera and multi-object motion in a
shared world coordinate frame. By using 3D Gaussian
trajectories, it provides a flexible and category-agnostic
way to control object dynamics, overcoming the limita-
tions of rigid, category-specific models.

* We present VerseCrafter, a geometry-driven video world
model that leverages 4D Geometric Control for pre-
cise control over camera and multi-object motion. This
enables the generation of high-fidelity, view-consistent
videos that accurately follow complex 4D controls.

* We construct VerseControl4D, a real-world dataset with
automatically derived prompts and rendered 4D control
maps, with 35K training samples. This addresses a key
data bottleneck and supports large-scale training on di-
verse real-world videos.

2. Related Works

Video World Models. World models learn environment
dynamics from observations by predicting future states for
simulation, planning, and control [30, 31, 48]. Early vi-
sual world models adopt recurrent and latent-variable ar-
chitectures [16, 24, 29, 64, 68, 87], while recent approaches
use transformer and diffusion backbones to roll out realistic
videos conditioned on actions, text, or camera trajectories
[1,2,6,9, 12,20, 36, 40, 45, 50, 70, 88, 103, 110, 115], and
further extend temporal horizons with memories or long-
sequence models [52, 73, 101]. Geometry-aware works
such as DeepVerse [13], Voyager [41], and Yume [63] in-
corporate 3D geometry to support 4D video generation and
world exploration, but are controlled via text, actions, or
camera tokens and do not expose a compact, editable 4D
geometric state for real-world multi-object dynamics. In
contrast, VerseCrafter learns a geometry-driven mapping
from 4D Geometric Control to dynamic, realistic videos,
enabling disentangled control over camera and multi-object
motion.



3D World Generation. Recent work leverages power-
ful 2D generative priors to synthesize explorable 3D en-
vironments from text, images, or videos [49, 121]. Early
methods mainly focus on object-level or single-scene gen-
eration [19, 38, 74, 118, 120, 122], distilling image diffu-
sion models [79] into NeRFs [65], implicit fields, meshes,
or 3D Gaussian splats [44], or optimizing scene geometry
from multi-view or panoramic observations [18, 80, 113,
114, 116]. More recent approaches scale up to navigable
3D worlds [7], combining depth estimation [108], camera-
guided video diffusion, iterative inpainting, and panoramic
inputs to construct room- or city-scale Gaussian scenes for
exploration [ 14, 54, 60, 61, 81, 86, 92, 111, 129]. However,
these pipelines largely model static, synthetic-like scenes
and provide limited explicit control over real-world multi-
object dynamics. In contrast, VerseCrafter operates on real-
world videos and represents the scene with a static back-
ground point cloud and per-object 3D Gaussian trajectories,
forming an explicit 4D geometric scene state for geometry-
consistent dynamic video generation.

Controllable Video Generation. Controllable video gen-
eration aims to steer camera and object motion via condi-
tioning signals. Camera-controlled models [3, 4, 34, 46, 53,
84, 106, 126] such as MotionCtrl [98] and CameraCitrl [33]
inject camera extrinsics, Pliicker-style encodings, or 3D pri-
ors [11, 21, 28, 39, 75, 78, 99, 104, 117, 124, 127] into
video diffusion models for viewpoint control, but mostly
assume static or weakly dynamic scenes. Object motion
[10, 25, 35, 51, 55, 57, 62, 66, 67, 69, 76, 82, 83, 85,
89, 90, 96, 97, 100, 107, 109, 112, 123, 128] is typically
controlled using 2D cues (bounding boxes, masks, trajecto-
ries, strokes, optical flow) as in Boximator [91], DragAny-
thing [102], and MotionCanvas [105], or with more 3D-
aware signals such as depth maps, sparse 3D trajectories,
3D boxes, or SMPL-X bodies in I2V3D [124], Uni3C [11],
CineMaster [94], Perception-as-Control [15], and LongVie
[26]. While these methods improve controllability, 2D con-
trols remain view-dependent and fragile under large cam-
era changes, and many 3D controls are category-specific,
rigid, or tied to reconstruction-heavy pipelines. Recent ap-
proaches [15, 22, 27, 58, 94, 98, 105, 109, 127] begin to
jointly control camera and object motion, but their control
spaces are still fragmented rather than a unified, compact
world state. VerseCrafter instead introduces 4D Geometric
Control: a compact, category-agnostic 4D geometric scene
state where a static background point cloud and per-object
3D Gaussian trajectories in a shared world coordinate frame
jointly drive camera and multi-object motion.

3. Method

We propose VerseCrafter, a geometry-driven video world
model that generates dynamic, realistic videos from an ex-
plicit 4D geometric scene state while enabling disentangled

control over camera and multi-object motion. Our frame-
work has two key components: (i) a unified 4D Geometric
Control representation (Sec. 3.1), which represents the 4D
geometric scene state in a shared world coordinate frame,
and (ii) a lightweight GeoAdapter (Sec. 3.2), which injects
encoded 4D control maps into a frozen Wan2.1-14B back-
bone while preserving its strong visual prior. Given an input
image and a prompt, we construct 4D Geometric Control as
a static background point cloud and per-object 3D Gaussian
trajectories, specify a camera trajectory in the shared frame,
render them into 4D control maps, and feed these maps into
GeoAdapter to generate dynamic, realistic videos.

3.1. 4D Geometric Control

We represent each scene as an explicit 4D geometric scene
state, which we term 4D Geometric Control. This editable
representation consists of a static background point cloud
P®2 and per-object 3D Gaussian trajectories {G%}, all de-
fined in a shared world coordinate frame.

Background point cloud. As shown in Fig. 2, we start
from the input image, estimate monocular depth and camera
intrinsics K using MoGe-2 [95], and obtain object masks
{M,} with Grounded SAM?2 [77], where the user selects
one or more objects to control via text prompts or clicks.
We take the input view as the reference world coordinate
frame, so that the reference camera pose is givenby Ry =1
and t; = 0. Each pixel u = (u,v,1) " with depth D; (u) is
then back-projected as

p(u) :RlT(Dl(u)Kfluftl). (1)

We use the object masks to partition the reconstructed point
cloud into per-object point clouds

P, = {Xo,k | Xok = p(uk>7 ug € MO}’ @)

and a static background point cloud
P ={p(wlug(JM} = {p1iZ. O

During generation, the background at frame ¢ is rendered
from P’¢ under the camera pose, so viewpoint changes are
realized as rigid camera motion in a fixed 3D world rather
than by hallucinating a new background at every frame.

3D Gaussian trajectories. A single 3D Gaussian G, (x) =
N(x | p,, E,) in the world coordinate frame compactly en-
codes an object’s position (through ), approximate shape
and size (through the eigenvalues of X,), and orientation
(through the eigenvectors of 33,). A 3D Gaussian trajectory
for an object o is then defined as a sequence of Gaussians

{GiY, GL(x) =N(x|pl, 20, 4)

whose means {u!} trace the motion path in 3D, while the
covariances {X!} capture how the object’s spatial extent
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Figure 2. Framework of VerseCrafter. Given an input image and a text prompt, we estimate depth and obtain user-specified object
masks to construct 4D Geometric Control consisting of a static background point cloud and per-object 3D Gaussian trajectories in a shared
world coordinate frame. A camera trajectory is specified in the shared frame, and together with the 4D Geometric Control, rendered into
per-frame background RGB/depth, 3D Gaussian trajectory RGB/depth, and a soft merged mask, forming multi-channel 4D control maps.
The 4D control maps are encoded and fed into the proposed GeoAdapter, which conditions a frozen Wan2.1-14B backbone together with
text embeddings from umTS5, enabling geometry-consistent video generation with precise control over camera and multi-object motion.

and orientation evolve over time. This probabilistic formu-
lation describes the object’s 3D occupancy in a soft, con-
tinuous manner and yields a compact control space that
is more flexible than rigid 3D bounding boxes and more
category-agnostic than parametric body models.

To initialize the trajectory for each controllable object
o, we fit a full-covariance Gaussian to its point cloud P,
obtained in the previous step:

1 1
Ho = 7 Zxo,kv o=+ Z(Xo’k_uO)(xo’k_HO)T7
No k& NO k

(&)
which gives an initial Gaussian G, (x)

The low-dimensional parameters {u!, 3!} naturally
support flexible, user-driven editing. In practice, we convert
each G! into an ellipsoid mesh for visualization in a 3D edi-
tor such as Blender, and let the user specify or refine the tra-
jectory by dragging and keyframing this ellipsoid in world
coordinate space. The edited poses and shapes are mapped
back to {u!, X!} as control signals. The ellipsoids are only
a user interface; all conditioning maps used by model are
rendered directly from the underlying 3D Gaussians.
Rendering 4D control maps. Given our 4D Geometric
Control, we render per-frame 4D control maps in the target
camera views. For each frame ¢, we generate three types
of maps: (i) background RGB/depth, RGB';g and Depthbg,
by projecting the static background point cloud P un-
der the camera pose (Ry,t;); (ii) 3D Gaussian trajectory
RGB/depth, RGBY™ and Depth{™, by projecting the per-
object Gaussians {G! } into soft elliptical footprints and tak-
ing depth from the corresponding ellipsoid surfaces; and
(iii) a soft merged mask M, used as a control mask, that

indicates regions where the diffusion model should synthe-
size or overwrite content, obtained by inverting background
visibility and merging it with the projected 3D Gaussian
footprints, followed by Gaussian smoothing. For the first
frame ¢ = 1, we replace RGBt{g with input image and set
M, = 0, so that the first frame is preserved and only future
frames are modified. Background and 3D Gaussian maps
share the same 4D geometric scene state but are rendered
through decoupled channels, disentangling camera motion
from object motion while preserving geometric consistency.

3.2. VerseCrafter Architecture

Backbone. We adopt Wan2.1-14B [88] as a frozen latent
video diffusion backbone with a Wan Encoder, a Wan-DiT
denoiser and a Wan Decoder. VerseCrafter treats Wan2.1 as
a generic video prior: we do not change its architecture or
weights, and instead attach a lightweight geometric adapter
that conditions the backbone on rendered 4D control maps.
GeoAdapter. We take the rendered background maps and
3D Gaussian trajectory maps, RGB", Depthbg, RGB",
Depth"™, together with the soft merged mask M. The four
RGB/depth maps are encoded by the same Wan Encoder,
while M is reshaped and interpolated to the latent reso-
lution, following the practice in [42, 88]. The encoded
RGB/depth maps and the processed mask are concatenated
channel-wise to form a spatio-temporal geometry tensor.
GeoAdapter is a lightweight DiT-style branch that operates
on this geometry tensor. It shares the same hidden dimen-
sionality as the Wan-DiT blocks, but uses far fewer layers.
We interleave GeoAdapter blocks with the frozen Wan-DiT:
every k-th DiT block in Wan-DiT is paired with a GeoAd-



apter block whose output is linearly projected and added
to the corresponding DiT block as a residual modulation.
Text prompts are encoded by umTS5 [17] into text embed-
dings, which are injected into both Wan-DiT and GeoAd-
apter blocks through the same text-conditioning interfaces.
This adapter-based conditioning injects 4D geometric infor-
mation into Wan 2.1 with only a small number of extra pa-
rameters, while keeping all backbone weights fixed.
Inference. At inference time, VerseCrafter supports
camera-only, object-only, and joint control within a uni-
fied framework. For camera-only control, we render the
background control maps, while setting the 3D Gaussian
trajectory RGB/depth maps to zero. The merged mask may
still be nonzero due to viewpoint changes. For object-only
control, we keep the camera pose fixed, render static back-
ground control maps from P, and render the 3D Gaussian
trajectory maps to control object motion. For joint control,
both background and trajectory control maps are rendered
from the same 4D geometric scene state, enabling coor-
dinated and geometry-consistent control over camera and
multi-object motion.

4. VerseControl4D Dataset

To train and evaluate VerseCrafter on complex real-world
scenes with 4D Geometric Control, we construct VerseC-
ontroldD, a real-world dataset with automatically derived
prompts and rendered 4D control maps. As shown in Fig. 3,
VerseControl4D is built through four stages: data collec-
tion, clip extraction, quality filtering, and data annotation.
Data collection.  VerseControl4D is built from two
recent world-exploration datasets, Sekai-Real-HQ [56]
and Spatial VID-HQ [93], which provide long in-the-wild
videos with diverse outdoor and urban scenes, camera
poses, and captions, but lack object-motion labels. We use
their high-resolution videos as the raw video pool for con-
structing our 4D geometric control annotations.

Clip extraction. We apply PySceneDetect to detect shots
in the videos. For each shot longer than 81 frames, we
uniformly sample an 81-frame sub-clip and discard shorter
shots, matching the default temporal length used by the
Wan2.1 backbone.

Quality filtering. We apply an object-centric filtering
pipeline to retain clips with clean geometry and controllable
foreground. Using Grounded-SAM?2 with prompts such as
“person . human . car . animal”, we first obtain object
masks on the first frame, and keep only clips whose con-
trollable object count lies in [1,6]. We then discard clips
where any object mask covers more than 20% of the im-
age area. For human instances, we further remove clips
whose masks touch image borders or whose aspect ratios
fall outside [2, 4], as these typically correspond to severely
truncated pedestrians. Finally, we apply visual-quality fil-
tering based on aesthetic and luminance scores to exclude
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Figure 3. Construction pipeline of VerseControl4D. Starting
from Sekai-Real-HQ and SpatialVID-HQ, we extract 81-frame
clips and apply quality filtering. For each retained clip, Qwen2.5-
VL-72B, Grounded-SAM?2, and MegaSAM provide captions, ob-
ject masks, depth, and camera trajectory, which are lifted into
background/object point clouds, from which 3D Gaussian trajecto-
ries are fitted, and then rendered into background/trajectory maps
and a soft merged mask that constitute our 4D control maps.

blurry or over-/under-exposed clips, yielding a set of visu-
ally clean, geometrically reliable videos.

Data annotation. For each retained clip, we automati-
cally generate a text prompt and rendered 4D control maps.
We first generate a descriptive caption using Qwen2.5-
VL-72B [5], which serves as text prompt. For geometry,
we adopt MegaSAM as the base pipeline and replace its
monocular and metric depth modules with MoGe-2 [95] and
UniDepth V2 [72], respectively, to obtain more accurate and
temporally consistent depth. Given the video frames, the
estimated depth maps, and the camera trajectory, we recon-
struct a 3D point cloud for each frame. Applying Grounded-
SAM?2 object masks to the per-frame point clouds yields
per-object point clouds and a static background point cloud
Pb¢, as described in Sec. 3.1. For each object, we then
fit per-frame 3D Gaussians and form a 3D Gaussian tra-
jectory {G!}. Finally, we render the 4D Geometric Con-
trol into model-ready 4D control maps. The static back-
ground point cloud is rendered under the camera trajectory
to obtain background RGB/depth maps. The 3D Gaussian
trajectories are rendered to obtain 3D Gaussian trajectories
RGB/depth maps. We then invert the background mask and
merge it with the 3D Gaussian trajectories mask to produce
a soft merged mask that marks regions where the video dif-
fusion model should synthesize content.

In total, VerseControl4D contains 35,000 training sam-
ples and 1,000 validation samples. In the training set,
about 26% of samples are sourced from Sekai-Real-HQ and
74% from SpatialVID-HQ, while 20% of the samples de-
pict static scenes, encouraging VerseCrafter to learn both
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Figure 4. Qualitative comparison of joint camera and object motion control. Perception-as-Control and Uni3C exhibit noticeable
human deformation, while Yume roughly follows the text-described motion but lacks precise camera control. Uni3C is also limited to
single human. In contrast, VerseCrafter more faithfully follows both the camera trajectory and multi-object motion while maintaining

sharp appearance and geometrically consistent backgrounds.
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Figure 5. Qualitative comparison of camera-only motion control on static scenes. ViewCrafter and Voyager exhibit distorted facades,
drifting structures, or inaccurate camera motion, while FlashWorld tends to produce blurred scene boundaries and imprecise camera motion.
In contrast, VerseCrafter better follows the target camera trajectory while preserving sharp details and globally consistent 3D geometry.

camera-only world exploration and coupled camera—object
dynamics. The validation set includes 250 static-scene sam-
ples to specifically assess camera-only control.

5. Experiments

Implementation Details. We build VerseCrafter upon the
Wan2.1 T2V-14B model. The Wan backbone is kept frozen,
and only GeoAdapter is updated. Each GeoAdapter block
is initialized from the weights of its paired DiT block in
Wan-DiT to stabilize training, and we set k£ = 5 so that ev-
ery 5th DiT block in Wan-DiT is paired with a GeoAdapter
block. We use the Adam optimizer with a learning rate of
2e-5, a constant learning rate schedule with 100 warmup
steps. All experiments are conducted on 16 96-GB GPUs
with a global batch size of 16. Training is performed in
two stages: we first train for 2,500 iterations on 480P clips,
and then fine-tune the same model for another 2,500 itera-
tions on 720P clips. The total wall-clock training time is
about 380 hours. We adopt classifier-free guidance dur-
ing training by randomly dropping the text condition with

probability 0.1. At inference time, we use 50 denoising
steps and a classifier-free guidance scale of 5.0. Generat-
ing an 81-frame 720P video clip on 8 96-GB GPU takes
about 1152 seconds, with a peak per-GPU memory usage
of about 90 GB.

Evaluation Metrics. We evaluate overall video quality us-
ing VBench-12V. For camera control, we follow CameraC-
trl [33] and report rotation error (RotErr) and translation er-
ror (TransErr). For object-motion control, we adopt ObjMC
proposed in MotionCtrl [98]. Given a generated video, we
apply the same geometry annotation pipeline used for Ver-
seControl4D to estimate its camera trajectory and 3D Gaus-
sian trajectories, and compare them with the corresponding
ground-truth trajectories from our dataset. ObjMC is com-
puted as the average Euclidean distance between the esti-
mated and ground-truth 3D Gaussian means over all con-
trolled objects and frames.

5.1. Joint Camera and Object Motion Control

We first evaluate joint control of camera and object mo-
tion on VerseControl4D. As shown in Table 1, VerseCrafter



Table 1. Joint camera and object motion control on VerseControl4D. We report VBench-12V scores and 3D control metrics (RotErr,
TransErr, ObjMC). VerseCrafter achieves the best overall video quality and the most accurate joint control of camera and object motion.

Overall, Imaging, Aesthetic, Dynamic Motion Background Subject v 2V .

Score T QualityT Quality T Degree T SmoothnessT Consist _yT Consist _yT BackgmundT SubjectT RotErr] TransErr] ObjMC/
Perception-as-Control [15]| 83.66 66.81 53.34 7391 96.89 93.19 94.02 96.35 94.78 5.006 8.767 6.556
Yume [63] 85.47 71.16 52.39 72.24 98.96 95.66 96.43 98.51 98.39 | 7.560 8.735 7.959
Uni3C [11] 83.55 68.06 53.16 66.09 98.94 93.74 94.19 97.19 97.05 1.361 7.731 5.883
Ours 88.10 72.70 57.49 86.26 98.79 95.69 96.48 98.76 98.65 | 0.890 3.103 2.507

Table 2. Camera-only motion control on static scenes. On the static subset of VerseControl4D, we report VBench-12V scores and camera
control metrics (RotErr, TransErr). VerseCrafter achieves the best overall visual quality while substantially reducing camera pose errors.

Overall, Imaging, Aesthetic, Dynamic Motion Background,  Subject jvAY | A%
Score T QualityT Quality T Degree T SmoothnessT C(msistencyT ConsistencyT BackgroundT SubjectT RotErr) TransErr.
ViewCrafter [117]| 84.04 69.56 55.52 68.02 97.86 92.09 94.25 97.70 97.29 | 2.101 9.868
Voyager [41] 78.12 55.48 49.80 65.34 99.39 92.31 91.55 86.02 85.03 3.557 3.880
FlashWorld [54] 85.33 71.68 58.74 73.46 98.35 94.27 92.47 95.38 98.32 1.792 3.257
Ours 86.80 74.57 54.78 80.34 97.62 94.88 95.55 97.86 98.79 | 0.650 2.587
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Figure 6. Ablation on 3D representations for object motion
control. We compare object control using 3D point trajectory
(top), 3D bounding box (middle), and 3D Gaussian trajectory
(bottom). 3D point trajectory and 3D bounding box often cause
scale drift and misaligned motion (red boxes), whereas 3D Gaus-
sian trajectory better follows the intended object motion while pre-
serving plausible shapes and background interactions.

achieves the best VBench-12V scores among all compared
methods, with clear gains in Overall Score, Imaging Qual-
ity, Aesthetic Quality, and both subject and background
consistency. On 3D control metrics, VerseCrafter substan-
tially reduces rotation, translation, and object-motion er-
rors compared with the best-performing baseline, reflect-
ing much tighter alignment with the target 4D geometric
control. Qualitative comparisons in Fig. 4 further high-
light these differences: Perception-as-Control and Uni3C
exhibit noticeable human deformation, while Yume roughly
follows the text-described motion but lacks precise camera
control. Uni3C, relying on SMPL-X, is limited to single-
person motion and struggles with other categories such as
vehicles. In contrast, VerseCrafter more faithfully follows
both the camera trajectory and 3D Gaussian trajectories

Figure 7. Ablation on depth-aware control. We compare Ver-
seCrafter without depth inputs (Ours (w/o depth), top) and with
RGB+depth inputs (middle) under the same camera trajectory.
Without depth, the model often produces incorrect foreground-
background ordering, e.g., lampposts are pulled in front of distant
buildings, and occlusion boundaries drift over time (red boxes).
With RGB+depth, the model recovers consistent parallax and oc-
clusion, producing geometry much closer to the ground truth.

while maintaining sharp appearance and geometrically con-
sistent backgrounds.

5.2. Camera-Only Motion Control

We evaluate camera-only control on the static-scene sub-
set of VerseControl4D, where objects remain stationary and
only the camera moves. As shown in Table 2, VerseCrafter
achieves the best VBench-I12V performance among all com-
pared methods, with consistent gains in Overall Score,
Imaging Quality, and both subject and background con-
sistency, while maintaining motion smoothness compara-
ble to prior methods. On 3D camera metrics, VerseCrafter
substantially reduces rotation and translation errors rela-
tive to the best-performing baseline, indicating that it fol-
lows the target camera trajectory much more faithfully in
static scenes. Qualitative comparisons in Fig. 5 further con-
firm these trends: ViewCrafter and Voyager exhibit dis-
torted facades, drifting structures, or inaccurate camera
motion, while FlashWorld tends to produce blurred scene
boundaries and imprecise camera motion. In contrast, Ver-



Table 3. Ablation study on 3D representation, depth, and decoupled controls. We compare different variants of VerseCrafter using
VBench-I12V and 3D control metrics (RotErr, TransErr, ObjMC). Our full model with 3D Gaussian trajectories, depth-aware rendering,
and decoupled background/foreground controls achieves the best visual quality and the most accurate camera and object motion control.

Overall | Imaging, Aesthetic, Dynamic

+ + Motion
Score T Quality)r Quality ' Degree ' Smoothness

Ours (3D Bounding Box) 85.45 69.23 55.70 78.57 98.70
Ours (3D Point Trajectory)| 85.57 70.29 55.27 78.23 98.63
Ours (w/o depth) 85.64 70.19 55.00 80.60 98.66
Ours (BG & FG Merged) 85.72 69.19 54.86 83.72 98.65
Ours 88.10 72.70 57.49 86.26 98.79

Background Subject v 2V .

Consistency)r ConsistencyT Backgmund)r SubjectT RotErr| TransErr) ObjMC|
92.92 93.27 97.74 97.48 1.350 3.805 4.520
94.00 92.75 97.85 97.55 1.298 3.281 6.896
92.07 92.83 98.07 97.69 1.177 3.900 4.929
91.15 92.86 97.93 97.41 1.080 3.803 3.726
95.69 96.48 98.76 98.65 | 0.890 3.103 2.507

Figure 8. Ablation on decoupled background and foreground
controls. We compare a variant that merges background and fore-
ground controls into a single map (Ours (BG & FG Merged), top)
with our default decoupled design (middle). When the controls are
merged, object motion control degrades significantly (red boxes),
whereas the decoupled design better preserves the static back-
ground and produces more accurate and stable object motion.

seCrafter preserves straight structures, stable depth relation-
ships, and an appearance closer to the ground-truth video,
evidencing precise camera control in a static scene.

5.3. Ablation Study

We conduct ablations to analyze three key design choices in
VerseCrafter: (i) the 3D representations for object motion,
(ii) the use of depth in control maps, and (iii) the decoupling
of background and foreground controls. All variants share
the same training data, backbone, and optimization settings;
only the control design is changed.

3D representations for object motion. To isolate the
effect of our motion representation, we derive two alter-
natives from per-object 3D Gaussian trajectories: (1) an
oriented 3D bounding box whose axes follow the Gaus-
sian’s principal directions and whose side lengths are scaled
by its principal spreads; and (2) a 3D point trajectory
that retains only the Gaussian centroid. The rest of the
pipeline is unchanged: we rasterize cuboids (for boxes)
or tiny disks/spheres (for points) instead of Gaussian el-
lipses. As reported in Table 3, replacing Gaussians with
boxes slightly hurts both visual quality and control accu-
racy, while point trajectories give the weakest object-motion
consistency. Qualitatively (Fig. 6), points and boxes often
cause scale drift and misaligned motion, whereas 3D Gaus-
sian trajectories better follow the intended object trajecto-
ries and preserve plausible object shapes.

Depth-aware Control. To evaluate the effect of depth, we
remove depth channel from the background and trajectory
controls (“Ours (w/o depth)” in Table 3). This variant yields
a lower Overall Score and significantly worse 3D control
(higher RotErr and ObjMC values). As shown in Fig. 7,
without depth, the model produces incorrect foreground-
background ordering: vertical structures like streetlights ap-
pear beside shelves in the foreground, while buildings that
should be behind the character are positioned elsewhere,
and occlusion boundaries drift over time. With RGB+depth,
VerseCrafter recovers more consistent parallax and occlu-
sion, producing geometry much closer to the ground truth.
Decoupled vs. merged controls. We further compare our
decoupled design with a variant that merges the background
and 3D Gaussian trajectory maps into a single control
stream (Ours (BG & FG Merged) in Table 3). Although this
variant still benefits from the explicit 4D geometric scene
state, it consistently underperforms the full model, with a
particularly noticeable drop in object-motion accuracy. As
shown in Fig. 8, merging the controls leads to clear degra-
dation in object motion control. In contrast, keeping de-
coupled design preserves static geometry while producing
more precise and stable object motion, which is crucial for
accurate and geometry-consistent control.

6. Conclusion

We present VerseCrafter, a geometry-driven video world
model built upon an explicit 4D Geometric Control, repre-
sented by a static background point cloud and per-object
3D Gaussian trajectories in a shared world coordinate
frame. Coupled with GeoAdapter, which conditions a
frozen Wan2.1 backbone on rendered 4D control maps, this
design enables high-fidelity video generation with precise,
disentangled control over camera and multi-object motion.
To support training and evaluation, we construct VerseC-
ontroldD, a real-world dataset with automatically derived
prompts and rendered 4D control maps, comprising 35K
training samples. Experiments and ablations show that Ver-
seCrafter delivers superior visual quality and more accurate
joint camera and object motion than existing controllable
video generators and video world models, highlighting 4D
Geometric Control as a promising interface for future work
on dynamic world simulation and editing.
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A. Preliminary: Video Diffusion Models

Modern video diffusion models operate in a compact la-
tent space learned by a spatio-temporal VAE. Given a video
x € RTXHXWX3 the encoder E maps it to latent features
20 = E(x) € RT'XCxH' W’ 4 which the generative pro-
cess is defined [8, 79]. A standard forward diffusion process
gradually perturbs z( into noisy variables z; via

q(z | 20) = Vagzo +V1—ae, e~N(0,I), (6)

and a denoiser €y is trained to predict the noise under time
step ¢ and conditioning signal c (e.g., text prompts or refer-
ence frames) as

Laitr(0) = Evy e [ll€o (22, t,c) — €3], (7)

following the DDPM formulation [37]. Recent video gen-
erators further adopt continuous-time flow matching. Given
clean latents z( and a Gaussian samples z1, one defines lin-
ear interpolants z, = (1 — 7)zg + 721 with 7 € [0, 1] and
learns a velocity field vg by

Eﬂow(a) = EZO,T,E [HUQ(ZTa T, C) - (Zl - ZO)H%]v (8)

as in flow-matching and related ODE-based generative for-
mulations [43, 59]. These objectives are typically imple-
mented with Diffusion Transformers (DiT), which operate
on spatio-temporal latent tokens and inject (¢, ¢) through at-
tention [71], forming the backbone of current foundation
video generators.

Wan2.1 instantiates the above latent video diffusion
/ flow-matching paradigm with a 3D VAE and a DiT-
based denoiser, together with rich multi-modal conditioning
trained on large-scale, diverse video—text data [88]. In Ver-
seCrafter, we adopt Wan2.1-14B as a frozen latent video
diffusion backbone and treat it as a generic video prior.
Specifically, we keep the Wan Encoder, Wan-DiT, and Wan
Decoder unchanged, and attach a lightweight geometry-
aware control interface, namely GeoAdapter, to selected
Wan-DiT blocks. The detailed architecture of VerseCrafter
is provided in the Sec. B.

B. Model Architecture Details

VerseCrafter is built on top of the Wan2.1 T2V-14B back-
bone [88], a latent video diffusion / flow-matching model
with a 3D VAE (Wan Encoder and Wan Decoder) and a DiT-
based denoiser (Wan-DiT). As shown in Fig. 9, we keep the
Wan2.1 backbone frozen and introduce a geometry-aware
conditioning pathway with a lightweight GeoAdapter that

Table 4. Model configuration of VerseCrafter. Settings include
the final output resolution, number of Wan-DiT layers, GeoAd-
apter injection blocks, pre-trained backbone, and training sched-
ule.

\ VerseCrafter
Final resolution 720P
Num. Wan-DiT layers 40

GeoAdapter injection blocks [0, 5,10, 15, 20, 25, 30, 35]
Pre-trained backbone Wan2.1 T2V-14B

Hidden dimension 5120

Batch size 16

Training schedule 2,500 it. @480P + 2,500 it. @720P

conditions selected Wan-DiT blocks on rendered 4D con-
trol maps. Table 4 summarizes the input resolution, number
of Wan-DiT layers, hidden dimension, GeoAdapter injec-
tion pattern, and fine-tuning configuration of VerseCrafter.
Geometry encoding and tokenization. For each frame ¢,
we render background RGB/depth RGB;’g, Depth};_g, 3D
Gaussian trajectory RGB/depth RGB;"™, Depth{*, and
a soft merged mask M that marks regions where the dif-
fusion model should synthesize or overwrite content. For
t=1, we replace RGBlfg with the input image and set
M;=0. The four RGB/depth maps are encoded by the
frozen Wan Encoder to obtain latent features at the VAE
resolution, while the mask M € R *T>*HxW ig rearranged
to align with the latent grid of Wan Encoder (the “Rear-
range” module in Fig. 9). Let s;, sy, and s, denote the
temporal and spatial strides of Wan Encoder (we use s,=4
and s,=s,=8). Following the practice in [42, 88], we
drop the singleton channel dimension, split the spatial di-
mensions into s, X S, sub-cells, and fold these sub-cells
into the channel dimension via a reshape—permute opera-
tion, yielding a tensor of shape Cy x T x H' x W' with
Cr=$pSw, H'=H/sp, and W'=W/s,,. We then down-
sample the temporal dimension using nearest-neighbor in-
terpolation to match the latent depth 77 = (T' + s; — 1) /s,
producing M € REM T xH'xW' "ginally, M is concate-
nated channel-wise with the encoded background and 3D
Gaussian trajectory latents to form a unified spatio-temporal
geometry feature G € RT *H'*W'xCs - Following Wan-
DiT, we partition G into non-overlapping 3D patches and
linearly project each patch into a token embedding, yield-
ing a sequence of geometry tokens g € RE*P. where
L = T'H'W' is the number of spatio-temporal patches and
D matches the hidden width of Wan-DiT. Because we use
identical strides, positional encodings, and patch sizes, the
geometry tokens are spatially and temporally aligned with
the latent video tokens processed by Wan-DiT.
GeoAdapter integration. GeoAdapter is a lightweight
DiT-style branch that operates on geometry tokens g.
It shares the same hidden dimensionality and positional
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Figure 9. Detailed architecture of VerseCrafter. Background RGB & depth maps and 3D Gaussian trajectory RGB & depth maps are
first encoded by the frozen Wan Encoder. The soft merged mask is rearranged into latent-aligned channels, and all geometry latents are then
concatenated along the channel dimension to form a unified spatio-temporal geometry feature. This feature is patchified into tokens and
processed by the GeoAdapter branch. At selected Wan-DiT blocks, GeoAdapter outputs are passed through zero-initialized linear layers
and added to the backbone tokens as residual modulations, enabling geometry-consistent control over camera motion and multi-object

motion.

encodings as Wan-DiT, but contains far fewer layers.
Let {Bi,...,Bn} denote N Wan-DiT blocks, and let
{G1,...,Grr} denote M GeoAdapter blocks. We attach
GeoAdapter as a residual modulation branch to a subset of
Wan-DiT blocks. Concretely, we choose a stride & and in-
ject GeoAdapter after every k-th Wan-DiT block; see Ta-
ble 4 for the exact injection pattern and configuration. For
each Wan-DiT block 5,, whose index n belongs to the in-
jection set, with input tokens x,, € RY*P and geometry
tokens g, we add a geometry-conditioned residual of the
form

Xnt1 = Bp(%n) + G (g) W™, )

where G,, is the corresponding GeoAdapter block and
W™ e RP*D is its output projection. Each GeoAdapter
block is initialized from the weights of its paired Wan-DiT
block for stable training, while W(()m) is initialized to zero.
As a result, VerseCrafter behaves identically to the origi-
nal Wan2.1 backbone at the beginning of training. During
fine-tuning, W(()m) gradually learns to inject geometry in-
formation through residual modulation, in the spirit of zero-
initialized adapter designs such as ControlNet [119].

Table 5. VerseControl4D data split and scene-type statistics.
We report the number of samples from each source dataset and
split. Dynamic scenes contain coupled camera motion and fore-
ground object motion, while static scenes have negligible object
motion and are used for camera-only evaluation.

Sekai-Real-HQ SpatialVID-HQ

Split

Dynamic Scenes Static Scenes Dynamic Scenes
Train 9,071 7,000 18,929
Validation 468 250 282

C. VerseControl4D Dataset Details

We construct VerseControldD, a large-scale real-world
video dataset with automatically derived prompts and ren-
dered 4D control maps. As described in the main pa-
per, VerseControl4D is built through four stages: data col-
lection, clip extraction, quality filtering, and data annota-
tion. The rendered 4D control maps comprise background
RGB/depth maps, 3D Gaussian trajectory RGB/depth maps,
and a soft merged mask.

VerseControl4D contains 35,000 training samples and
1,000 validation samples. Table 5 summarizes the data dis-
tribution by source dataset and scene type. Overall, 26%
of the samples come from Sekai-Real-HQ and 74% from
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Figure 10. VerseControl4D dataset examples. For each clip, we visualize the input image and target camera trajectory (left), followed by
several frames of ground-truth video and our rendered control signals (right): background RGB/depth, 3D Gaussian trajectory RGB/depth
for controlled objects, and the final merged mask. These signals are automatically derived by our annotation pipeline in main paper.

Spatial VID-HQ, reflecting their complementary scene cov-
erage. To support both camera-only world exploration and
joint camera-object control, VerseControl4D includes dy-
namic scenes (clips with salient foreground object motion
together with camera motion) and static scenes (clips with
negligible object motion and only camera motion). About
20% of the training samples are static scenes, and the val-
idation set includes 250 static-scene samples for dedicated

camera-only evaluation. Representative samples and their
rendered 4D control signals are shown in Fig. 10.
D. Evaluation Metrics

D.1. VBench-12V

We evaluate image-to-video generation quality using the
VBench Image-to-Video (I2V) evaluation suite, denoted as



VBench-12V. For each generated clip, we follow the offi-
cial VBench-I12V protocol: the conditioning image and its
corresponding generated video are fed into the evaluation
pipeline, which computes a set of learned, human-aligned
metrics that jointly capture video-image consistency and
perceptual video quality. In our experiments, we report
the following eight VBench-I12V dimensions, and define the
Overall Score as the simple arithmetic mean of these eight
normalized scores, where higher values indicate better per-
formance:

e Imaging Quality. This metric measures low-level im-
age fidelity, including sharpness and the absence of arti-
facts such as blur, noise, or overexposure. VBench uses
an image quality predictor (e.g., MUSIQ) and averages
its scores across frames to obtain a video-level imaging-
quality score.

¢ Aesthetic Quality. This dimension assesses the artistic
and aesthetic appeal of individual frames, including com-
position, color harmony, and realism. VBench applies
an aesthetic quality predictor (e.g., the LAION aesthetic
model) to each frame and averages the predictions over
the clip.

* Dynamic Degree. This metric quantifies how dynamic
the generated video is. Optical flow magnitudes (e.g., es-
timated by RAFT) are used to measure the amount of mo-
tion, and the score reflects whether the model produces
sufficiently active (non-static) content.

¢ Motion Smoothness. This metric evaluates whether sub-
ject and camera motion evolve smoothly and follows rea-
sonable physical dynamics. VBench leverages a pre-
trained video frame interpolation prior to assess how well
intermediate motion can be interpolated, with smoother
and more physically plausible motion receiving higher
scores.

* Background Consistency. This dimension measures
the temporal stability of background layout and texture.
Frame-level features (e.g., CLIP) are compared across
time; large feature variations indicate flickering or unsta-
ble backgrounds and lead to lower scores.

¢ Subject Consistency. This dimension evaluates the tem-
poral consistency of the foreground subject within the
video, regardless of the input image. VBench computes
subject-region features across frames and measures their
similarity over time to penalize identity drift or sudden
appearance changes.

¢ 12V Background (Video-Image Background Consis-
tency). This metric evaluates how well the global back-
ground in the video matches the background in the input
image, especially for scene-centric inputs. VBench uses
background-sensitive features (e.g., DreamSim) and ag-
gregates image—frame and inter-frame similarities into a
single background consistency score.

¢ 12V Subject (Video-Image Subject Consistency). This

metric measures how well the main subject in the gen-
erated video matches the subject in the input image.
VBench extracts high-level visual features (e.g., DINO)
from the conditioning image and from each video frame,
and combines image—frame similarities with inter-frame
similarities into a weighted average subject consistency
score.
Formally, given these eight per-dimension scores
{si}3_, returned by VBench-I2V for a video, we define

8
1
Overall Score = 3 Z Sk, (10)
k=1
which is the value reported as “Overall Score” in the main
paper.

D.2. Rotation Error (RotErr)

To measure how well the generated camera motion fol-
lows the ground-truth camera trajectory, we adopt the
camera-alignment metric from CameraCtrl [33]. For each
generated video, we estimate its camera trajectory using
the same geometry-annotation pipeline used for VerseCon-
trol4D, yielding rotation matrices {R7.,}7—, and transla-
tion vectors {T%.,}%_,, where n is the number of frames.
Let {Rét }}—1 denote the corresponding ground-truth rota-
tion matrices. The rotation error is computed by compar-
ing the ground-truth and generated rotation matrices at each
frame:

(R, R, ) — 1
2 )

n
RotErr = E arccos
j=1

)

where tr(-) denotes the matrix trace. Lower RotErr indi-
cates better alignment between the generated and ground-
truth camera orientations.

D.3. Translation Error (TransErr)

We also evaluate the accuracy of the generated camera po-
sitions. Let {Ty,}"_; and {T7,,}"_, be the ground-truth
and generated camera translation vectors for a video with
n frames. Following CameraCtrl [33], the translation er-
ror is defined as the sum of per-frame Euclidean distances
between the translation vectors:
n .

TransErr = » ||TS, — T, (12)

j=1

[

Lower TransErr indicates that the generated camera posi-
tions more closely match the ground-truth camera positions.

D.4. Object Motion Control (ObjMC)

For object-motion control, we follow the ObjMC metric
proposed in MotionCtrl [98] and extend it to the multi-



Table 6. Memory-time trade-off under different inference settings. We report peak per-GPU memory and diffusion inference time for
the 50-step setting. FSDP reduces peak memory from 90 GB to 70 GB with negligible runtime change, and FSDP + CPU offload further
reduces it to 57 GB (36.7% reduction) with only a small increase in diffusion inference time.

Inference setting

Peak GPU memory (GB) Memory reduction (%) Diffusion inference time (s)

Baseline
Baseline + FSDP
Baseline + FSDP + CPU offload

90
70
57

0.0 866
222 870
36.7 880

Table 7. Stage-wise end-to-end inference latency and
cacheability. We report the runtime breakdown for generating
an 81-frame 720P video on 8x96GB GPUs. 4D geometric scene
state is reusable across repeated edits of the same scene, and model
loading is a one-time startup cost, whereas 4D control rendering
and diffusion sampling must be rerun when the edited controls
change.

Stage Time (s) | Cacheable?
4D Geometric State Construction ~23 v
4D Control Maps Rendering ~60 X
Diffusion Sampling
Diffusion Model Loading ~203 v
Diffusion Inference ~866 (50 steps) X
Diffusion Inference ~715 (30 steps) X

object setting under our 3D Gaussian trajectory represen-
tation. Given a generated video, we run the same geom-
etry annotation pipeline used for VerseControl4D to es-
timate per-object 3D Gaussian trajectories, and compare
them with the corresponding ground-truth trajectories from
our dataset.

Let Ny and Npeq denote the numbers of ground-truth
and predicted controlled objects in a sample, and let T’
be the number of frames. For each ground-truth object
o € {1,...,Ny} and frame t € {1,...,T}, we denote

the ground-truth 3D Gaussian mean by qu) € R? and the

1Y e R3 for

estimated mean from the generated video by fi,,

a predicted object k.

Multi-object matching. Since N, and Nyeq may differ,
we first define the trajectory distance between a ground-
truth object o and a predicted object k as the average Eu-
clidean distance between their 3D Gaussian means over

time:
1 T
dlo, k) = =
(0, k) T;

We then build a cost matrix C € RNeXNet with entries
Cor = d(o, k). To handle unmatched objects, we pad this
matrix with dummy rows and columns and fill them with
a constant penalty A (set to 10.0m in our experiments).
Finally, we apply the Hungarian algorithm [47] to obtain
an optimal one-to-one matching between ground-truth and

i =, (13)

predicted trajectories. This step assigns each ground-truth
object either to a predicted trajectory or to a dummy entry
when no suitable match exists.

ObjMC score. Given the optimal matching, we define the
per-object trajectory error for a ground-truth object o as

d(o, k)
A
(14)

and compute the final ObjMC score as the average over all
ground-truth controlled objects:

if 0 is matched to a predicted object k,

do

if o is unmatched,

Ny

1
obMC = — S " d,. (15)

Lower ObjMC indicates more accurate multi-object 3D mo-
tion control, and the unmatched penalty A penalizes missed
objects under the one-to-one matching formulation.

E. Additional Qualitative Results

We provide additional qualitative comparisons on VerseC-
ontrol4D, following the same evaluation settings and base-
lines as in the main paper. Fig. 11 and Fig. 12 present
dynamic scenes with joint camera and multi-object motion
control. Perception-as-Control and Uni3C often exhibit no-
ticeable object deformation, while Yume roughly follows
the text-described motion but lacks precise camera control.
Uni3C is also limited to a single human and does not gen-
eralize well to diverse multi-object scenarios. In contrast,
VerseCrafter more faithfully follows both the camera trajec-
tory and multi-object motion while maintaining sharp ap-
pearance and geometrically consistent backgrounds.

Fig. 13 and Fig. 14 present static scenes for camera-only
motion control. ViewCrafter, Voyager and FlashWorld of-
ten exhibit distorted facades, drifting structures, or inaccu-
rate camera motion. In contrast, VerseCrafter better follows
the target camera trajectory while preserving sharp details
and globally consistent 3D geometry. These additional ex-
amples further demonstrate VerseCrafter’s robustness un-
der real-world 4D Geometric Control in both dynamic and
static settings.



Perception-as
-Control

Yume

Input Image

Uni3C

Camera Trajectory

Ground Truth Ours

Perception-as
-Control

Yume

Input Image

Uni3C

Camera Trajectory

Ours

Ground Truth

Figure 11. Additional qualitative comparison of joint camera and object motion control. Perception-as-Control and Uni3C exhibit
noticeable object deformation, while Yume roughly follows the text-described motion but lacks precise camera control. Uni3C is also
limited to a single human. In contrast, VerseCrafter more faithfully follows both the camera trajectory and multi-object motion while
maintaining sharp appearance and geometrically consistent backgrounds.
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Figure 12. Additional qualitative comparison of joint camera and object motion control. Perception-as-Control and Uni3C exhibit
noticeable object deformation, while Yume roughly follows the text-described motion but lacks precise camera control. Uni3C is also
limited to a single human. In contrast, VerseCrafter more faithfully follows both the camera trajectory and multi-object motion while
maintaining sharp appearance and geometrically consistent backgrounds.
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Figure 13. Additional qualitative comparison of camera-only motion control on static scenes. ViewCrafter, Voyager and FlashWorld
exhibit distorted facades, drifting structures, or inaccurate camera motion. In contrast, VerseCrafter better follows the target camera
trajectory while preserving sharp details and globally consistent 3D geometry.

F. Inference Efficiency and Memory Usage

We further analyze the inference cost of VerseCrafter. For
generating an 81-frame 720P video on 8 x96GB GPUs, Ta-
ble 7 shows that diffusion inference is the dominant bot-
tleneck, while 4D geometric state construction is cacheable
across repeated edits of the same scene and diffusion model
loading is a one-time startup cost. Accordingly, the per-edit
latency is substantially reduced for subsequent edits, and

can be further lowered by using fewer denoising steps.

Table 6 summarizes the memory and runtime trade-off
under different inference settings. FSDP substantially re-
duces peak per-GPU memory with negligible runtime over-
head, and FSDP + CPU offload further lowers memory at
only a small additional cost. These results suggest that
the current practical bottleneck is diffusion inference rather
than 4D geometric state construction.
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Figure 14. Additional qualitative comparison of camera-only motion control on static scenes. ViewCrafter, Voyager and FlashWorld
exhibit distorted facades, drifting structures, or inaccurate camera motion. In contrast, VerseCrafter better follows the target camera
trajectory while preserving sharp details and globally consistent 3D geometry.

G. Limitations and Future Work

Despite the encouraging results, VerseCrafter still has sev-
eral limitations that suggest promising directions for future
work.

First, our current object representation provides only
ellipsoid-level control through a single 3D Gaussian per ob-
ject, which limits fine-grained pose and part-level articula-
tion, especially for human-like or near-symmetric objects.

More expressive object representations, such as multiple
Gaussians per object or articulated 3D structures, may im-
prove fine-grained orientation and pose control.

Second, our background point cloud is reconstructed
from the first frame and serves as a mostly static geometric
scaffold, which limits controllability for highly non-rigid
and texture-dominant scene dynamics such as waterfalls.
Incorporating explicit dynamic background representations
or temporally evolving scene geometry may improve con-



trollability in such cases.

Third, although VerseCrafter enforces 4D geometric
consistency through explicit camera control and 3D Gaus-
sian trajectory control, it does not impose explicit phys-
ical constraints during generation. Integrating stronger
physics priors, such as collision-aware losses, contact con-
straints, ground constraints, or differentiable physics guid-
ance, could improve physical realism and controllability in
complex interactions.

Finally, VerseCrafter remains computationally expen-
sive at high resolution and long temporal horizons because
it conditions a large frozen video diffusion backbone and
renders multi-channel 4D controls for all frames. Future
work may explore more efficient backbones, distilled
sampling, cached control encoding, and streaming or long-
video synthesis to enable faster and longer world rollouts.
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