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 € RT*XHXWX3 the encoder E maps it to latent features
20 =E(x) € RT'*CxH'xW' 4n which the generative pro-
cess is defined [1, 9]. A standard forward diffusion process
gradually perturbs z into noisy variables z; via

q(Zt‘ZO):\/OTtZO‘i‘Vl_atE, ENN(O7I)3 (1)

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

Lair(0) = Ey 1e[|l€a(ze,t, ¢) — €]|3], 2)

following the DDPM formulation [3]. Recent video gener-
ators 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 vy by

Eﬂow(a) = Ezo,‘r,e [”’UQ(Z-,—, T, C) - (Zl - ZO)”%L (3)

as in flow-matching and related ODE-based generative for-
mulations [5, 7]. These objectives are typically imple-
mented with Diffusion Transformers (DiT), which operate
on spatio-temporal latent tokens and inject (¢,c) through
attention [8], 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 [10]. 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 [10], 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. 1, we keep the
Wan2.1 backbone frozen and introduce a geometry-aware
conditioning pathway with a lightweight GeoAdapter that
conditions selected Wan-DiT blocks on rendered 4D con-
trol maps. Table 1 summarizes the input resolution, number
of Wan-DiT layers, hidden dimension, GeoAdapter injec-
tion pattern, and fine-tuning configuration of VerseCrafter.

Table 1. 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

Geometry encoding and tokenization. For each frame ¢,
we render background RGB/depth RGB?g, Depthbg, 3D
Gaussian trajectory RGB/depth RGB{*™, Depth{**, and a
soft merged mask M; that marks regions where the diffu-
sion model should synthesize or overwrite content. For t=1,
we replace RGB%’g with the input image and set M;=0. The
four RGB/depth maps are encoded by the frozen Wan En-
coder to obtain latent features at the VAE resolution, while
the mask M € RXTXHXW iq rearranged to align with
the latent grid of Wan Encoder (the “Rearrange” module in
Fig. 1). Let sy, sy, and s,, denote the temporal and spatial
strides of Wan Encoder (we use s;=4 and s;,=s,,=8). Fol-
lowing the practice in [4, 10], we drop the singleton chan-
nel dimension, split the spatial dimensions into s X s,
sub-cells, and fold these sub-cells into the channel dimen-
sion via a reshape—permute operation, yielding a tensor of
shape Cy x T x H' x W’ with Cr=8hSw, H/:H/Sh,
and W'=W/s,,. We then downsample the temporal di-
mension using nearest-neighbor interpolation to match the
latent depth 77 = (T + s, — 1)/s;, producing M €
RCMXT'XH' xW' Finally, M is concatenated channel-wise
with the encoded background and 3D Gaussian trajectory
latents to form a unified spatio-temporal geometry feature
G € RT' xH'xXW'xCqg Following Wan-DiT, we partition G
into non-overlapping 3D patches and linearly project each
patch into a token embedding, yielding a sequence of ge-
ometry tokens g € RY*P where L = T"H'W' is the num-
ber of spatio-temporal patches and D matches the hidden
width of Wan-DiT. Because we use identical strides, posi-
tional 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
encodings as Wan-DiT, but contains far fewer layers.
Let {By,...,Bx} denote N Wan-DiT blocks, and let
{G1,...,Gn} denote M GeoAdapter blocks. We attach
GeoAdapter as a residual modulation branch to a subset of
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Figure 1. 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.

Wan-DiT blocks. Concretely, we choose a stride & and in-
ject GeoAdapter after every k-th Wan-DiT block; see Ta-
ble | for the exact injection pattern and configuration. For
each Wan-DiT block B,, whose index n belongs to the in-
jection set, with input tokens x,, € RX*P and geometry
tokens g, we add a geometry-conditioned residual of the
form

“4)

where G,, is the corresponding GeoAdapter block and

W™ e RP*P is its output projection. Each GeoAdapter
block is initialized from the weights of its paired Wan-DiT
block for stable training, while W((Jm) 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((Jm) gradually learns to inject geometry in-
formation through residual modulation, in the spirit of zero-
initialized adapter designs such as ControlNet [12].

Xn4+1 = Bﬂ(xn) + gm(g) W(()m)’

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-

Table 2. 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

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 2 summarizes the data dis-
tribution by source dataset and scene type. Overall, 26%
of the samples come from Sekai-Real-HQ and 74% from
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
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Figure 2. 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.

20% of the training samples are static scenes, and the val- D. Evaluation Metrics

idation set includes 250 static-scene samples for dedicated

camera-only evaluation. Representative samples and their D.1. VBench-12V

rendered 4D control signals are shown in Fig. 2. 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-12V 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-I2V dimensions, and define the
Overall Score as the simple arithmetic mean of these eight
normalized scores, where higher values indicate better per-
formance:

¢ 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)

L]

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}}_, returned by VBench-12V for a video, we define

8
1
Overall Score = 3 ; Sk, )

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 [2]. For each
generated video, we estimate its camera trajectory using
the same geometry-annotation pipeline used for VerseCon-
trol4D, yielding rotation matrices {R7.,,}_, and transla-
tion vectors {T%.,}7_,, where n is the number of frames.
Let {Rét}}lzl 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:

tr(Rj,RY, ) — 1

gen

2 )

n
RotErr = Z arccos

Jj=1

(6)

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}7—; and {T},,}"_, be the ground-truth
and generated camera translation vectors for a video with
n frames. Following CameraCtrl [2], the translation error
is defined as the sum of per-frame Euclidean distances be-

tween the translation vectors:

TransErr = ZHTét —

j=1

Tienlly: ™

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 [11] and extend it to the multi-
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 Npyeq 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 u((f) € R3 and the

estimated mean from the generated video by ﬂ,(f) € R3 for
a predicted object k.

Multi-object matching. Since Ny and Nyq 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
d(o, k) = =
o) =73

We then build a cost matrix C € RNe*Neet 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 10.0 m in our experiments). Fi-
nally, we apply the Hungarian algorithm [6] to obtain an
optimal one-to-one matching between ground-truth and pre-
dicted trajectories. This step assigns each ground-truth ob-
ject either to a predicted trajectory or to a dummy entry
when no suitable match exists.

i) — ph|),- 8)

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

Q- {d(o7 k) if o is matched to a predicted object k,

A if o is unmatched,
€))
and compute the final ObjMC score as the average over all
ground-truth controlled objects:

N,

1
ObjMC = — S d,. (10)

MO N 2

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. 3 and Fig. 4 present dy-
namic 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. 5 and Fig. 6 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.

F. Additional Analysis of Control Fidelity and
Robustness

We further provide targeted qualitative analyses to clarify
the fidelity, scope, and robustness of our 4D Geometric
Control. Specifically, we analyze orientation controllability,
dynamic background modeling, articulated and non-rigid
object controllability, the effect of multi-view input, and ro-
bustness to monocular-depth errors.

F.1. Control Fidelity and Boundary Cases

Orientation controllability. Our representation provides
ellipsoid-level orientation control through the principal axes
of each 3D Gaussian, rather than fine-grained 6D pose con-
trol. As shown in Fig. 7(a), this control is reliable for
strongly anisotropic rigid objects such as cars and buses,
where rotation induces clear changes in rendered footprint
and depth, leading to stable orientation cues after 3D—2D
rendering. However, it can fail for human-like subjects
approximated by a single ellipsoid. In such cases, head-
ing changes mainly correspond to rotation around the el-
lipsoid’s major principal axis, and when the other two axes
are similar, the projected footprint/depth variation becomes
subtle and ambiguous. As a result, the geometric cue may
be too weak to fully determine facing direction, and the dif-
fusion prior may dominate, occasionally causing heading
mismatches.

Dynamic background modeling. Our background point
cloud is reconstructed from the first frame and therefore
serves as a mostly static geometric scaffold. It anchors
scene geometry under viewpoint changes, but does not ex-
plicitly model per-frame non-rigid background deforma-
tion. Fig. 7(b) shows that this design still works well
for moderate dynamic-background effects such as wind-
swaying grass and a flowing river, where the diffusion prior
can synthesize plausible temporal variation while the 4D
controls maintain camera and object consistency. In con-
trast, the waterfall example exhibits weaker motion. This
failure is expected because fine, texture-dominant, highly
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Figure 3. 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 4. 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 5. 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.

non-rigid dynamics are only weakly constrained by a static
3D scaffold after rendering to 2D control maps. Thus, Ver-
seCrafter currently handles dynamic backgrounds mainly
through the interaction between static geometry anchoring
and the video prior, rather than through explicit background
dynamics modeling.

Articulated and non-rigid object controllability. Ver-
seCrafter uses a single 3D Gaussian per controlled object
and guides its motion coarsely by changing its position,

scale, and orientation over time. This representation is not
designed to explicitly encode part-level articulation. Never-
theless, Fig. 7(c) shows that it remains effective for object-
level motion control in both articulated and non-rigid sce-
narios, including a robotic arm extension and wind-blown
clothes. Although the guidance is coarse, the generated
videos follow the intended object-level motion while re-
maining visually coherent. These examples suggest that
even a simple object-level 3D Gaussian can provide a useful
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Figure 6. 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.

control signal for a broad range of dynamic objects, though
finer articulation control remains an important direction for
future work.

F.2. Geometry Coverage and Robustness

Single-view vs. multi-view input. Multi-view input im-
proves geometry coverage and therefore improves novel-
view faithfulness. As shown in Fig. 8(a), using multiple
views to reconstruct the scene expands the point cloud to

cover regions that are weakly observed or fully invisible
from a single reference image, such as the tram side and
rear structure. Consequently, the generated video is more
faithful under larger viewpoint changes; for example, the
rear door is recovered only in the multi-view case. By
comparison, single-view reconstruction still produces plau-
sible videos because the diffusion prior can fill in under-
constrained regions, but the missing geometry leads to less
faithful novel-view synthesis. This result supports our claim



4D Geometric Control

Success

(a) Orientation Control
Success

Success

(b) Dynamic Backgrounds
Success

c) Articulated & Non-rigid
r© TN T e

Figure 7. Additional analysis of control fidelity and boundary cases. (a) Orientation controllability. Two success cases on rigid
anisotropic objects and one failure case on a human-like subject. (b) Dynamic background modeling. Two success cases on moderate
background dynamics and one failure case on highly non-rigid background motion. (c¢) Articulated and non-rigid object controllability.
Two examples showing effective coarse object-level control on articulated and non-rigid objects.

that more complete 3D reconstruction directly benefits con-
trollable video generation when the target camera motion
departs significantly from the reference view.

Robustness to monocular-depth errors. We also test ro-
bustness to imperfect monocular depth estimation in chal-
lenging conditions with heavy occlusion and strong illumi-
nation variation. In Fig. 8(b), replacing MoGe-2 with Mi-
DaS v2.1 produces visibly noisier depth and distorted point
clouds in difficult regions such as the pillars highlighted by
the red boxes. Despite these geometry errors, the gener-
ated videos remain visually similar and preserve the main
building structure. This robustness is expected because the
reconstructed point cloud acts as a coarse geometric scaf-
fold rather than a per-pixel hard constraint. After 3D—2D
rendering, the diffusion prior can compensate for moderate
depth noise and still generate structurally plausible results.

Therefore, while better monocular geometry generally im-
proves controllability, VerseCrafter does not critically de-
pend on perfectly accurate depth estimates.

Overall, these analyses suggest that VerseCrafter is most
effective when the underlying 4D geometric cues are suf-
ficiently informative, while failures mainly arise in under-
constrained cases such as subtle human orientation changes
or highly non-rigid background dynamics.

G. 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 4 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
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Table 3. 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 90 0.0 866

Baseline + FSDP 70 22.2 870

Baseline + FSDP + CPU offload 57 36.7 880
Table 4.  Stage-wise end-to-end inference latency and the current practical bottleneck is diffusion inference rather
cacheability. We report the runtime breakdown for generating than 4D geometric state construction.

an 81-frame 720P video on 8 x96GB 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

H. Limitations and Future Work

Despite the encouraging results, VerseCrafter still has sev-

change. I .. . .
& eral limitations that suggest promising directions for future
work.
Stage Time (s) | Cacheable? . . . .

. . First, our current object representation provides only
4D Geometric State Construction ~23 v ellipsoid-level control through a single 3D Gaussian per ob-
4D Control Maps Rendering ~60 X ject, which limits fine-grained pose and part-level articula-
Diffusion Sampling . . . . .

e . tion, especially for human-like or near-symmetric objects.
Diffusion Model Loading ~203 v : . . .

cop More expressive object representations, such as multiple
Diffusion Inference ~866 (50 steps) X . . . .

Diffusion Inference ~715 (30 steps) X 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

latency is substantially reduced for subsequent edits, and scaffold, which limits controllability for highly non-rigid

can be further lowered by using fewer denoising steps. and texture-dominant scene dynamics such as waterfalls.

Table 3 summarizes the memory and runtime trade-off Incorporating explicit dynamic background representations

under different inference settings. FSDP substantially re- or temporally evolving scene geometry may improve con-

duces peak per-GPU memory with negligible runtime over- trollability in such cases.
head, and FSDP + CPU offload further lowers memory at Third, although VerseCrafter enforces 4D geometric

only a small additional cost. These results suggest that 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 expensive
at high resolution and long temporal horizons because it
conditions a large frozen video diffusion backbone and ren-
ders multi-channel 4D controls for all frames. Future work
may explore more efficient backbones, distilled sampling,
cached control encoding, and streaming or long-video syn-
thesis to enable faster and longer world rollouts.
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