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Abstract. We introduce OVOW, the first training-free system that
reconstructs instance-level, simulation-ready 4D mesh scenes from a single
monocular video. Recent 4D reconstruction achieves impressive rendering
quality, but its outputs (e.g., implicit fields, Gaussian primitives, or point
clouds) lack the watertight topology, instance separation, and standard-
ized physical interfaces required by physics simulators and embodied
AL OVOW closes this gap with a four-stage pipeline: a vision-language
model discovers, labels, and motion-classifies all instances; category-
aware reconstruction yields per-instance meshes for rigid objects and
topology-consistent mesh sequences for deformable ones; an iterative
render-match-optimize procedure recovers metric scale and 6-DoF pose
trajectories; and physics-grounded assembly enforces ground contact and
inter-object support. Crucially, we model all motion, rigid and non-rigid,
through direct vertex deformation without category-specific priors or
skeleton rigging, producing watertight mesh scenes ready for downstream
physics simulation and editing. We further establish the first benchmark
for structured Video-to-4D evaluation, with metrics for geometric correct-
ness, instance separation, and physical plausibility beyond visual fidelity;
the same pipeline doubles as a scalable engine for synthesizing paired
video-to-4D simulation data for future 4D world models and embodied
Al Across two synthetic benchmarks (static and 4D), OVOW attains the
best overall layout and geometry accuracy and the lowest photometric
and semantic error among all baselines, and on monocular video runs one
to two orders of magnitude faster than the baselines, while downstream
physics simulation confirms its physical stability.

Keywords: Simulation-Ready Asset Generation - Video-to-4D - Instance-
Level Scene Reconstruction

1 Introduction

Recent advances in 4D reconstruction [63}/65/67/92//99] have dramatically improved
the visual quality of dynamic scene rendering, yet a fundamental disconnect
persists: no existing method can produce simulation-ready 4D scene
assets from video. Physics simulators that underpin modern robotics and
embodied Al such as MuJoCo [80], Isaac Gym [57], and PyBullet [19], require
watertight meshes, physically separated instances, and standardized interfaces
such as URDF, which are absent from the implicit fields, Gaussian primitives, and
point clouds produced by current methods [37,|61,/92]. The field excels at looking
real but cannot yet produce physically usable outputs for robotic manipulation,
embodied AlI, gaming, and virtual reality.

Two converging trends suggest this gap can now be closed. On the generation
side, agent-driven scene synthesis [46,/50L[87}(95,/108,(115,|121] shows growing
demand for simulation-ready, instance-level assets [88|, validating our target
format; on the reconstruction side, mesh-oriented 4D [7}35,/51] and scene-level
3D [341/691|104] methods show that temporally consistent mesh recovery from
monocular video is feasible at the single-object level [4,38.[116]. What remains
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missing is a unified pipeline that scales from individual objects to entire
scenes, recovering instance-level meshes with rigid and non-rigid motion and
assembling them into a physically coherent, simulation-ready representation.

Achieving this requires addressing two challenges. The first is scene represen-
tation: how to convert a dynamic multi-object scene into simulation-compatible
structured assets. Unlike skeleton-based approaches [52,/55|112], which require
predefined joint topologies and suffer from skinning artifacts on complex defor-
mations, we adopt direct mesh vertex deformation as a unified motion model:
each object is a mesh described by rigid-body transformations (static/rigid) or
per-vertex displacement fields (deformable). This needs no predefined kinematic
chains, handles articulated motion, surface deformation, and soft-body dynamics,
makes no assumptions about object category or topology, and yields watertight,
instance-level meshes ready for downstream physics simulation and editing.

The second challenge is data and evaluation. No dataset pairs instance-
level 4D mesh annotations with source video, and no benchmark measures
the structural qualities that matter for downstream physical tasks, such as
geometric correctness, instance separation, and physical interaction, rather than
rendering fidelity alone (PSNR/SSIM /LPIPS). We construct the first benchmark
for structured Video-to-4D evaluation, assessing geometric and physical qualities
beyond visual fidelity on carefully designed synthetic data, and further use our
scalable pipeline to generate “video <> instance-level 4D mesh scene” pairs as
data infrastructure for future 4D world-model research and embodied Al

With these components, we present OVOW (Fig. , the first method to
reconstruct instance-level, simulation-ready 4D mesh scenes from monocular
video. OVOW is fully training-free, composing pre-trained foundation models
for scene understanding, mesh reconstruction, and metric recovery into a tightly
integrated pipeline, and performs robustly across diverse in-the-wild scenarios
spanning indoor, outdoor, and complex multi-object scenes with rigid and non-
rigid motion. On our two synthetic benchmarks for static and structured-4D
scenes, OVOW achieves the best overall layout and geometry accuracy and the
lowest photometric and semantic error among all baselines, and on monocular
video runs one to two orders of magnitude faster than the baselines. Downstream
physics simulation confirms that the reconstructed scenes remain physically stable.
Our contributions are three-fold:

1. Task & method. We formalize structured Video-to-4D reconstruction and
present the first training-free pipeline that turns a monocular video into
instance-level, simulation-ready 4D mesh scenes, modeling all motion via
direct vertex deformation without category priors or skeleton rigging.

2. Benchmark. We build the first benchmark for the task, scoring geomet-
ric correctness, instance separation, and physical plausibility beyond visual
fidelity.

3. Data engines. We contribute two complementary data pipelines: OVOW
turns real video into paired “video<+4D scene” data, and an asset-based
pipeline composes the synthetic 3D /4D scenes of our benchmark; together
they supply the simulation-ready paired supervision this task lacks.
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2 Related Work

2.1 4D Reconstruction and Generation

3D and 4D reconstruction and generation have advanced rapidly across perception,
generation, and single-object dynamics. Monocular depth estimation [47,/60L{101}
102| and feed-forward 3D prediction [81,(84}/113] recover geometry as unstructured
point clouds; neural scene representations have evolved from static fields and
Gaussians to dynamic 4D |3,/24,411|641119]; image/text-driven 3D generation |11}
14],142/541/91,97,[98L|114] has extended to 4D via video-diffusion priors and feed-
forward models [5,25,143H45L4853,/71]; and mesh-oriented [8}|68},/78] and motion-
recovery [93},94.105,/111] methods recover single-object dynamic geometry. Yet
these outputs remain rendering-oriented and largely single-object, lacking the
watertight topology and instance separation [59l{109] that physics requires. OVOW
instead recovers watertight, instance-separated meshes for complete dynamic
scenes, rather than single-object or rendering-only outputs.

2.2 Structured Scene Generation

A parallel line targets structured, multi-object 3D scenes, building on structured
generation across text [12,271/110], image/video [10{107], and 3D [861/90]. Instance-
level reconstruction |70}/791{103},/117| recovers component-separated scenes from
images, compositional generators [15H17,[30L[31L[58L(77.83] assemble multi-object
scenes, and feed-forward [32,36}[82] and instance-aware |18] methods reconstruct
multi-object motion as point clouds or Gaussians. Crucially, these build scenes
from text or procedural rules, not real video; reconstructing structured scenes
from video would unlock vast internet and robot footage [9/13], yet existing 4D
datasets |20,/94] and benchmarks [62]/120] lack source-video-paired instance-level
annotations and structural metrics. In contrast, OVOW reconstructs instance-
level scenes directly from real monocular video and supplies the paired data and
structural benchmark this research line lacks.

2.3 Simulation-Ready Asset Generation

A growing body of work pursues assets that are ready for physical simulation.
Automatic rigging [28}29}73}/75,/76}/100] and articulated-object generation [66,[72]
74| endow individual assets with kinematic structure such as joints and hinges for
part-level articulation, while agent-driven scene generators [26,/49.[85] compose
whole scenes that explicitly target simulation readiness. Together, these reflect the
growing demand from physics simulators [96] and embodied world models [118]
for mesh-based, physically interactive assets. However, all of these methods
build assets from synthetic priors, category templates, or manual design rather
than real-world visual observation. OVOW is the first to recover instance-level,
simulation-ready scene meshes with both rigid and non-rigid motion directly
from a monocular video, without per-category rigging or manual articulation.
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Fig. 2: Overview of OVOW (Stages 1-3). From a single monocular video, our
training-free pipeline decomposes the scene into labeled, motion-classified instances,
reconstructs per-instance static/rigid meshes and deformable mesh sequences, and
recovers metric scale and per-frame 6-DoF motion; the recovered instances are then
assembled in Fig. @ Each stage is detailed in Sections@—@

3 Method

Given a monocular video V = {I;}]_, depicting a dynamic multi-object scene,
our goal is to reconstruct a simulation-ready 4D scene

8 = {(Mi, {THEDY, (1)

where each of the N objects is represented by a watertight triangle mesh M; =
(V;, F;) with vertices V; € RIVilx3 and faces F;, together with a per-frame
6-DoF pose trajectory T? € SE(3). For deformable objects, M, is replaced by a
topology-consistent mesh sequence {M!}L | with per-vertex displacement fields.
The complete scene is output as instance-level, simulation-ready meshes for
downstream physics simulation and editing.

As illustrated in Figs. [2] and [3] our pipeline operates in a fully training-free
manner and comprises four stages: (1) VLM-Guided Scene Decomposition (§3.1));
(2) Instance-Level Mesh Reconstruction (; (3) Spatiotemporal Pose and
Deformation Recovery (§3.3); and (4) Physics-Grounded Scene Assembly (§3.4).

3.1 VLM-Guided Scene Decomposition

We uniformly sample Nie, keyframes (default Niey=3) from the input video
and encode them into a multi-image prompt for a VLM . The model jointly
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performs open-vocabulary object discovery, unique instance naming (in the form
<noun>_<index>), and motion category classification into one of three categories:
static (unchanged pose), rigid (rigid-body motion), or deformable (non-rigid
deformation). The output is a structured JSON with N records {(/;, ¢;, d;)}Y ,,
where /; is the unique label, ¢; € {static, rigid, deform} is the motion category,
and d; is a brief visual description.

Given the label set {¢;}, we perform dense video segmentation using SAM3 [6]
with text prompts, producing per-frame binary masks

{M} e {o,1}[>XWT_ = i—=1,...,N. (2)

Instances with maximum mask area below Tae, (default 200 px) are discarded.

3.2 Instance-Level Mesh Reconstruction

Static and Rigid Object Mesh Generation For each static or rigid object ¢
(¢; € {static,rigid}), we select the anchor frame t; = arg max; || M}||; with the
largest mask area. When the object is partially occluded, we apply an inpainting
model [39] conditioned on the masked RGB, the mask, and the VLM description
d; to hallucinate the complete appearance. The completed image is then fed to a
feed-forward image-to-3D model [106], producing a canonical mesh M.

Deformable Object Mesh Sequence Reconstruction For each deformable
object i (¢; = deform), we extract a per-object masked video and apply zoom
normalization to stabilize the object’s position and scale across frames:

It = ZoomNorm (I, ® M}, BBox(M{), p, L), (3)

where ® denotes element-wise masking, p is the target object-to-frame ratio
(default 0.65), and L is the output resolution (default 512). The normalized video
is processed by a deformable mesh reconstruction model [7]|, which outputs a
topology-consistent mesh sequence {/\;lf}thl and a reference mesh /\;@ef.

Metric Scale Recovery We employ a visual geometry foundation model [81]
to obtain per-frame camera extrinsics {E;, € SE(3)}]_,, intrinsics {K;}7_, dense
depth maps {D;}I_,, and a scene-level point cloud P € RF*3. For each object 1,
at the anchor frame ¢}, we back-project the masked depth into 3D:

Q="' (M ® Dy, Ky ) € RO, (4)
and compute an initial scale factor SEO) by aligning bounding-box diagonals:

S0 _ [[diag(Q0)[|
! ||diag(./\/li) ||
This estimate is refined into the final scale s; (; the scaled mesh M; = s; /\;lz

is used in all subsequent stages. For deformable objects, the same s; is applied
uniformly to all mesh frames.

()
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3.3 Spatiotemporal Pose and Deformation Recovery

We adopt a unified two-stage procedure for all object categories: iterative scale-
orientation recovery at the anchor frame, followed by bidirectional pose tracking
across all frames. For deformable objects, the per-frame mesh sequence replaces
the single canonical mesh; otherwise the pipeline is identical.

Iterative Scale and Orientation Recovery For each object i, we jointly
refine the metric scale s; and orientation on the anchor frame ¢} through a render-
match-optimize loop, iterated Niter times (default Nie,=3). At each iteration
n:

(a) Orientation Update. FoundationPose [89] estimates a 6-DoF pose from
the anchor-frame RGBD (I;:, Dy ), mask Mf:, and intrinsic Ki:; we extract only
the rotation R and apply it to the mesh.

(b) Scale Estimation. The rotated mesh is rendered from J viewpoints on a
sphere with z-buffer depth {f)k} We establish dense correspondences between
each rendered view and the real masked crop using the dense feature matcher
RoMa v2 |22]|. The view k* with the most confident matches is selected, yielding
2D-3D correspondences:

~ T
q;r;esll _ ‘Zj—l(p;snder7 Dk*7 Kt:); q(;?pth _ R(n) 'H_l(P;ia17 th, Ktj) (6)

A pose is obtained via PnP-RANSAC [23,40], and the scalar scale s(™ is optimized
via L-BFGS-B [2] after centering both point sets:

s = arg mgnzwm Pt — s - qg}beShH; (™)
m

where q denotes centered coordinates, w,, is the match confidence, and the top
5% residuals are trimmed. The final scale is s; = [], s (with 8(0)2850) the

initial estimate), yielding M; = s; - M;.
Per-Frame Pose Tracking With M;, we estimate T! € SE(3) at every frame
via FoundationPose [89):

T! = arg n}}ﬂ Lrender (Render(M;, T, Ky), I, Dy, MY). (8)

We apply mask-gated inputs (zeroing RGB/depth outside M}) to focus registration
on the target instance. At the anchor frame ¢ the estimator performs full
registration; from there we track bidirectionally:

T = Track(T}, a1, Dis1, Kis), 9
falling back to full re-registration when tracking fails. The world-space pose is:

™Y = E7 1T (10)
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Fig. 3: Physics-Grounded Scene Assembly and Simulation-Ready Output
(Stage 4). The instances from Fig. [2| are assembled into a physically coherent scene by
ground-plane estimation and contact projection, then exported in URDF format for
downstream physics simulation (Section .

Static Pose Locking. For static objects, we lock all frames to the pose at the
anchor frame t} (the largest-mask frame):

T! « T, Vet (11)

Deformable Object Decomposition. For deformable objects, the world-space
mesh at frame t is:

Mf’w _ Tg,w M= Et_l ST (s - ./\;ﬁ), (12)

3

decoupling global rigid trajectory from local non-rigid deformation.

3.4 Physics-Grounded Scene Assembly

The independently reconstructed objects must be assembled into a physically
coherent scene. We achieve this through ground plane estimation followed by
contact projection.

Ground Plane Estimation. We extract Npjane candidate planes {(n;,d;)}
(default 5) from P via iterative RANSAC, and select the one that jointly maxi-
mizes the above-plane ratio rj = |{v : v n; +d; > —€}|/|Vstatic| and minimizes
the contact prozimity d; = median(bottom, (|v 'n; + d;|)) (default p=3). A
camera-up prior resolves normal sign ambiguity:

if mediant((n;-rRt)y) >0, flip: n; « —n;, d; < —d;, (13)

where R; is the rotation block of F;. The selected plane is aligned to the XY-plane
via Ralign mapping n* —[0,0,1]T.
Contact Projection. Objects are sorted by bottom distance to the ground per
frame; for each object i, we extract the bottom ppot% (default 10%) vertices by
signed distance dn(v) = v n* + d*:

Bl ={v e V;V:dn(v) < quantile,,  ({dn(v))}v)}. (14)

ot
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The gravity-axis correction is:

—(dmin + €), dmin < —€ (penetration),
Azzt = - min(dmin — € 5max)a dmin > € (ﬂoating), (15)
0, otherwise,

where dyin = min, cpt dn(Vv), € is a contact tolerance (0.2% of scene diagonal),
and dpax Caps downward settling (2%).

Inter-Object Contact. We query the nearest-surface distance from B! to each
settled object j via KD-tree:

dij(V) = v/Ien\i,rtlrw ||V — VI”Q, Vv E Bf (16)
J

If dij < Teontact (3% of scene diagonal), the surface of j serves as a local ground
plane for ¢, naturally handling stacking configurations. The procedure is iterated
Nasm times (default 2) per frame to resolve cascading dependencies.

Environment Lighting Recovery. To enable photorealistic rendering of the
assembled scene, we recover an HDR environment map from the input video
using an intrinsic decomposition model [21], which is applied as world lighting in

the exported scene.

4 Experiments

4.1 Implementation Details

OVOW composes off-the-shelf foundation models without task-specific training:
Qwen3-VL [1] and SAM3 [6] for decomposition and segmentation; FLUX.2 [39]
amodal inpainting with the feed-forward generator Hi3DGen [106] for static/rigid
meshes; Motion324 [7] for deformable meshes; VGGT [81] for scene geometry;
RoMa v2 |22| for dense correspondences; and FoundationPose [89] for 6-DoF
tracking. Default settings: Niey=3 keyframes, Tarea=200pX, Niter=3, Nasm=2,
p=0.65, L=>512, contact tolerance 0.2%, settling cap 2%, and inter-object contact
threshold 3% of the scene diagonal.

4.2 Benchmark Setup

Evaluation Dataset. Separate from OVOW (which reconstructs 4D scenes
from real video), we render the evaluation benchmark with a synthetic pipeline
that composes scenes from existing 3D objects and HDRI assets in Blender,
split into two complementary subsets: OVOW-3D-Scene-Bench, with 120
fully static scenes, and OVOW-4D-Scene-Bench, with 120 dynamic scenes
in which at least one object undergoes rigid-body motion while the rest stay
static. We sample 3D instances from Objaverse-OA [56] and compose a random
3—5 of them per scene on a ground plane with Poly HavenEI HDRI lighting and

! https://github.com/Poly-Haven/polyhavenassets
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Tab. 1: Quantitative comparison on OVOW-3D-Scene-Bench.

Scene-IoU Scene-IoU Object PL N-CLIP Time VRAM
Method AABB? OBB 1 ToU 1 1 (s/frame) | (GB) |
CAST [104] 0.077 0.178 0.097 7.90 2.02 365 10.5
SAM3D |79] 0.062 0.151 0.060 9.80 2.08 103 33.5
VIGA [108] 0.156 0.158 0.024 24.40 2.61 788 31.5
MIDI [34] 0.092 0.216 0.136 8.80 1.91 234 17.7
SceneGen |58 0.098 0.207 0.078 9.30 1.89 152 29.6
TabletopGen |87 0.066 0.155 0.035 18.20 2.17 638 14.0
OVOW (Ours) 0.130 0.218 0.190 5.70 1.87 272 26.0

Tab. 2: Quantitative comparison on OVOW-4D-Scene-Bench.

Scene-IoU Scene-IoU  Object PL N-CLIP Time VRAM
Method AABB7?T OBB 1 ToU 1 1 1 (s/frame) | (GB) {
CAST |[104] 0.091 0.176 0.080 13.10 1.74 365 10.5
SAM3D |79] 0.055 0.135 0.050 10.20 1.98 103 33.5
VIGA [108] 0.127 0.172 0.016 24.10 2.49 788 31.5
MIDI |34] 0.095 0.198 0.174 5.60 1.56 234 17.7
SceneGen [58| 0.096 0.183 0.051 8.20 1.54 152 29.6
TabletopGen |87 0.072 0.200 0.034 7.50 1.91 638 14.0
OVOW (Ours) 0.180 0.440 0.210 2.90 1.43 3.35 26.0

backgrounds, animating the moving objects along procedural 6-DoF trajectories
for reproducible dynamics. Every scene yields ground-truth instance meshes,
6-DoF pose trajectories, and camera parameters; full construction details are in
the appendix.

Baselines. Since no existing method directly addresses instance-level 4D scene
reconstruction from video, we compare against state-of-the-art single-image
scene reconstruction methods: CAST [104], SAM3D [79], VIGA [108], MIDI [34],
SceneGen [58|, and TabletopGen [87]. All of these baselines support only single-
frame image input; even on OVOW-4D-Scene-Bench they cannot consume video,
so we run each independently on seven uniformly sampled frames per scene and
average the resulting scores (runtime and peak VRAM are reported per generated
frame), whereas OVOW consumes the full video.

Metrics. We report three IoU measures: Scene-IoU is the volumetric IoU of the
predicted vs. ground-truth unions of object boxes, under axis-aligned (AABBY)
and oriented (OBBT) boxes for global layout, and Object-ToU7? is the per-object
IoU after Hungarian matching. We also report photometric loss (PLJ, 100x
normalized RGB MSE), negative-CLIP score (N-CLIP], 10x(1—CLIP sim)),
both lower-is-better, plus per-frame time and peak VRAM.

4.3 Quantitative Comparison

Tabs. |1| and [2| report the comparison on the two benchmarks; in both, the
best and second-best per column are highlighted. On OVOW-3D-Scene-Bench,
OVOW obtains the best Scene-IoU-OBB (0.218), Object-IoU (0.190), PL (5.70),
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and N-CLIP (1.87); VIGA attains a higher AABB-IoU but trails on every other
metric, and OVOW’s single-image runtime (272s) is comparable to the feed-
forward baselines. On OVOW-4D-Scene-Bench, OVOW leads every quality metric,
reaching 0.440 Scene-IoU-OBB, 0.210 Object-IoU, 2.90 PL, and 1.43 N-CLIP,
while amortizing computation across the video to run at 3.35s per frame, one to
two orders of magnitude faster than the baselines (103-788s).

Where the gains come from. OVOW leads on both benchmarks, with the
largest margin on the dynamic 4D scenes, where video-level temporal cues are
most informative. Amodal inpainting keeps per-object geometry faithful under
occlusion, and physics-grounded assembly resolves ground contact and inter-
object support, so scenes show far fewer interpenetration and floating artifacts
than the generative baselines and stay stable under gravity in a physics simulator.
Scalability. Performance degrades gracefully as the number of objects per scene
grows; the mild quality drop on the most crowded scenes is primarily caused by
increased mutual occlusion among instances, while per-frame runtime grows only
modestly.

4.4 Qualitative Comparison

Fig. |4| compares OVOW against feed-forward 3D reconstruction (VGGT, Depth
Anything 3) and instance-level scene-reconstruction baselines on a dynamic scene:
OVOW uniquely recovers instance-separated, watertight meshes with accurate
layout, while the feed-forward methods lack instance separation and the scene-
reconstruction baselines misplace objects or distort geometry. Fig. [5]shows OVOW
applied to single images (image-to-3D): from one in-the-wild frame it recovers
instance-separated meshes with faithful shapes and accurate layout through
iterative scale-orientation refinement, with per-baseline comparisons deferred to
the appendix. OVOW is the only method that simultaneously achieves accurate
geometry, correct spatial layout, and watertight, simulation-ready topology,
benefiting from video-level temporal consistency for scale and pose recovery
and from amodal inpainting for occluded instances. Fig. [7] further contrasts
OVOW with two tempting alternatives: single-object video-to-mesh generation
(DreamScene4D) degrades at unseen viewpoints and recovers neither metric
scale nor inter-object contact, while depth-fusion (Depth Anything 3 followed
by NKSR) yields a single fused surface without instance separation. Beyond
per-scene reconstruction, Fig. [6] shows paired video-to-4D examples that OVOW
generates across diverse scene types, illustrating the data our pipeline can produce
at scale. Additional per-scene visualizations and comparisons are provided in the
appendix.

4.5 Sensitivity of Key Design Choices

Hyperparameter robustness. On a held-out validation set spanning static,
rigid, and deformable motion, OVOW is non-brittle to its key design choices
(Tab. [3). Refinement iterations are the accuracy-runtime elbow (IoU-B saturates
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Input Image Input Image OVOW

Fig. 5: Image-to-3D reconstruction by OVOW.
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Fig. 6: Paired video-to-4D results generated by OVOW. Each example is a
reconstructed instance-level 4D mesh scene; the red box at the bottom-left corner of
each render shows the corresponding input frame.
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Input DS4D reference view  DS4D top view DA3+NKSR

Fig. 7: Comparison with video-to-mesh and fused-surface alternatives. Dream-
Scene4D (DS4D) is plausible at the reference view but degrades at other viewpoints,
while Depth Anything 3 followed by NKSR (DA3+NKSR) fuses a single
surface without instance separation, metric scale, or contact. OVOW instead outputs
instance-separated, simulation-ready meshes.

at 0.78 by Niter=3); p=0.65 and Tarea=200 px are near-optimal; and the contact
parameters (e=0.2%, 0max=2%, Prot=10%) share Tcontact’s flat stability plateau.

Tab. 3: Hyperparameter robustness on the validation set (spanning static, rigid,
and deformable motion). Defaults are underlined; “ —” marks unused cells. Metrics are
bounding-box IoU (IoU-B), valid-scene rate (%), and simulation stability (%).

Hyperparameter Metric Values (default underlined)
Niter €{1,2,3,5} IoU-Bt 0.58 0.72 0.78 0.79
p€{0.55,0.65,0.75}  IoU-B?t 0.74 0.78 0.76 -

Tarea € {100,200, 400} Valid scenest 84.9 86.8 85.7 -
Teontact €42,3,4}%  Sim. stability? 79.8 82.7 815 -
Nasm €{1,2,5} Sim. stability? 78.9 82.7 82.8 -

Stage-level reliability. The pipeline stages are also reliable on this validation set:
95.4% motion-category accuracy, 93.1%/88.7% rigid/deformable reconstruction
success, 92.4% pose recovery, and 86.8% final validity with 82.7% simulation
stability, so failures rarely propagate.

5 Conclusion

We presented OVOW, the first training-free system that turns monocular video
into instance-level, simulation-ready 4D mesh scenes, modeling all motion via
direct vertex deformation without rigging or category priors. It leads the baselines
in geometry, layout, and photometric/semantic accuracy, runs one to two orders of
magnitude faster on video, and doubles as a scalable engine for paired video-to-4D
simulation data.
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