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Abstract

We address the challenge of generating dynamic 4D
scenes from monocular multi-object videos with heavy oc-
clusions and introduce GenMOJO, a novel approach that
integrates rendering-based deformable 3D Gaussian opti-
mization with generative priors for view synthesis. While
existing view-synthesis models excel at novel view genera-
tion for isolated objects, they struggle with full scenes due
to their complexity and data demands. To overcome this,
GenMOJO decomposes scenes into individual objects, op-
timizing a differentiable set of deformable Gaussians per
object while capturing 2D occlusions from a 3D perspec-
tive through joint Gaussian splatting. Joint splatting en-
sures occlusion-aware rendering losses in observed frames,
while explicit object decomposition allows the usage of
object-centric diffusion models for object completion in un-
observed viewpoints. To reconcile the differences between
object-centric priors and the global frame-centric coordi-
nate system of the video, GenMOJO employs differentiable
transformations to unify the rendering and generative con-
straints within a single framework. The result is a model
capable of generating 4D objects across space and time
while producing 2D and 3D point tracks from monocular
videos. To rigorously evaluate the quality of scene gen-
eration and the accuracy of the motion under multi-object
occlusions, we introduce MOSE-PTS, a subset of the chal-
lenging MOSE benchmark, which we annotated with high-
quality 2D point tracks. Quantitative evaluations and per-
ceptual human studies confirm that GenMOJO generates
more realistic novel views of scenes and produces more
accurate point tracks compared to existing approaches.
Project page: https://genmojo.github.io/.

1. Introduction

Humans effortlessly perceive complete, coherent objects
and their motions from videos even though they only ob-
serve the pixels on the front surface of a dynamic scene,
which constantly changes due to motion, occlusion, and

*Equal contributions

reappearance. Recovering persistent and accurate 4D rep-
resentations from monocular videos with multiple objects
is a highly under-constrained problem. However, it is criti-
cal for fine-grained video understanding, visual imitation in
robotics [12], and building causal world models of intuitive
physics [50] that can simulate the consequences of actions.

Recent view-predictive generative models [24, 40] pro-
vide powerful priors for novel view synthesis. However, ex-
isting video-to-4D generation works [5, 14, 55, 56] based on
these generative models often struggle to maintain tempo-
ral coherence and accurate 3D geometry in complex multi-
object scenes due to the intricate dynamics involved, such
as heavy occlusions and fast motion.

In this paper, we propose GenMOJO, a compositional
method that enables Multi-Object JOint splatting for 4D
scene GENeration from monocular videos by combin-
ing frame-centric test-time rendering error optimization
with object-centric generative priors. GenMOJO decom-
poses a scene into individual foreground objects and back-
ground, representing each object with a differentiable and
deformable set of 3D Gaussians. We optimize the param-
eters of these Gaussians by: (1) jointly splatting all Gaus-
sians to compute rendering errors in the input video frames,
accounting for occlusions; and (2) individually rendering
each object’s Gaussians from unobserved viewpoints to op-
timize a score distillation (SDS) objective. To bridge frame-
centric and object-centric coordinate frames, GenMOJO
employs differentiable affine transformations that align the
object-centric Gaussians with the frame-centric Gaussians.

The work most closely related to ours is Dream-
Scene4D [5], which also leverages object-centric genera-
tive priors to produce 4D scene completions from monoc-
ular video. However, their approach inpaints and opti-
mizes the 3D deformable Gaussians for each object inde-
pendently and only combine them during a final rendering
step to infer object depth ordering. This strategy strug-
gles with cross-object occlusions, as rendering objects sep-
arately fails to account for occluders. As a result, their
method often produces unnatural, inter-penetrating artifacts
in scenes with multiple heavily occluded objects, as demon-
strated in our experiments. In contrast, our approach unifies
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Figure 1. GenMOJO extends video-to-4D generation to complex, real-world scenarios characterized by heavy multi-object occlusions
and rapid motion, enabling the creation of complete 4D scene representations with 360◦ novel view synthesis and accurate point motion
tracking. We showcase rendered images from diverse viewpoints and motion trajectories (visualizing a single object for clarity) in the
re-rendered images across different time steps.

image-based and object-centric constraints within a single
gradient-based optimization framework. By jointly splat-
ting all object Gaussians, we accurately model cross-object
occlusions and interactions, while still imposing strong ap-
pearance priors by rendering each object independently.

As shown in Figure 1, GenMOJO emphasizes addressing
real-world complexity through the evaluation of challeng-
ing datasets with frequent object interactions. Unlike previ-
ous methods that focused on single-object [14, 37] or sim-
ple multi-object videos [5], GenMOJO is designed to handle
scenes with heavy occlusions, crowded environments, and
intricate dynamics.

We evaluate GenMOJO on multi-object videos from
DAVIS and a subset of MOSE [6], for which we manu-
ally annotated accurate point tracks. These videos feature
complex multi-object interactions and frequent real-world
occlusions. We compare against state-of-the-art NeRF- and
Gaussian-based 4D generation methods [5, 14, 47]. Our
results show substantial improvements in both 4D render-
ing quality and motion accuracy. In addition, we conducted
human evaluations to assess the perceptual realism of our
results, which further support our quantitative findings.

2. Related work
Dynamic Scene Reconstruction. Dynamic scene recon-
struction aims to lift the visible parts of a video to a dy-
namic 3D representation for novel view synthesis. These

methods often take videos where a large number of cam-
era views exist as input [27, 49, 54], alleviating the issue
of partial observability. As a result, many of these meth-
ods can not be readily applied to monocular videos, as no
constraints exist in unobserved viewpoints. These meth-
ods fall into two large categories. Dynamic Neural Radi-
ance Field (NeRF) based methods [3, 21, 25, 31, 34] extend
NeRFs [29] to dynamic scenes and model a dynamic scene
using grid-based, voxel-based representations [4, 23, 26] or
through deformation networks [4, 8]. Recently, Gaussian
Splatting [18, 27, 49] has gained great attention in the field
of neural rendering. Compared to NeRF-based methods,
Gaussian Splatting represents the scene as explicit Gaus-
sians and uses efficient rasterization techniques for render-
ing, greatly improving the computation efficiency. There
have also been efforts to model the visible parts of a video
scene from monocular inputs, but they do not attempt to
model the unobserved parts [20, 44, 47, 48]. Compared
to these works, we adopt dynamic Gaussians to synthesize
both the visible and unobserved parts of the video scene.

Dynamic Scene Generation. In contrast to dynamic
scene reconstruction, dynamic scene generation is con-
cerned with modeling a complete video scene across both
visible and unobserved viewpoints, often operating un-
der monocular or sparse view settings. Existing text-to-
4D [1, 2, 22, 43] or image-to-4D [37, 53, 59] works use dif-
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fusion models [24] to condition on text or image inputs and
generate synthetic videos, then use score distillation sam-
pling (SDS) [33] losses to supply constraints in unobserved
viewpoints to synthesize complete 4D representations us-
ing dynamic NeRFs or Gaussians. Many existing video-
to-4D works simplify this problem by assuming that the
input consists of a single object undergoing small move-
ments [9, 14, 30, 37, 55, 56]. More recently, this line of
work has been extended to multi-object video by first de-
composing the video into multiple object tracks, optimizing
them independently, and then using depth models [51] to
recompose the optimized 4D objects to re-form the original
video scene [5]. However, the late multi-object composition
strategy in [5] is extremely reliant on the quality of the depth
model, and the optimization process itself is unaware of the
occlusions that occur in the observed video sequence. In
comparison, we propose to compose early and optimize the
deformations of the objects jointly, which naturally allows
the optimization process to reason about the cross-object
occlusions that occur in videos.

Point Motion via 4D Generation / Reconstruction. 4D
generation or reconstruction from monocular videos en-
ables the extraction of point trajectories through test-time
optimization by fitting dynamic radiance fields [5, 27, 41,
46, 47] to the observed video frames without the need for
point annotations. In contrast, data-driven point trackers are
trained on synthetic training data, yet outperform others in
existing benchmarks by a noticeable margin [15]. While
our dynamic Gaussian representation is not specifically de-
signed for precise point tracking via Gaussian Splatting, it
facilitates straightforward extraction of point trajectories for
motion accuracy evaluation. In particular, we observe that
the gap in tracking performance between our method and
feedforward approaches decreases significantly in multi-
object videos with heavy occlusions [6], since the recon-
struction objective bounds the tracking error.

3. Robust Multi-Object 4D Generation

To generate dynamic 4D scenes from a monocular video
with complex multi-object dynamics, we introduce Gen-
MOJO, which utilizes Gaussian Splatting [18, 49] as the
4D scene representation and leverages diffusion-based gen-
erative models [24] for novel view synthesis.

3.1. Background: Generative Gaussian Splatting
Gaussian Splatting [18] represents a scene through a set
of 3D Gaussians, each characterized by its position µ,
scale s, rotation q, opacity α, and spherical harmonic (SH)
coefficients f to represent color. To extend 3D Gaus-
sians for novel view synthesis, Score Distillation Sampling
(SDS) [33] is commonly applied. For example, Dream-
Gaussian [45] leverages Zero-1-to-3 [24] as the diffusion

prior, which uses a reference view and a relative camera
pose to generate plausible images given a target viewpoint,
lifting a single frame from 2D to 3D.

To model 3D scene dynamics, existing methods [5, 37]
then deform these 3D Gaussians over time. Starting with a
set of 3D Gaussians derived from the initial frame, each
Gaussian is parameterized at each timestep by a set of
learnable variables such as its 3D position µt, 3D ro-
tation (a quaternion) qt, and 3D scale st. The RGB
(spherical harmonics) values and opacity remain constant
across timesteps, inherited from the first-frame 3D Gaus-
sians. DreamGaussian4D [37] models object dynamics by
directly optimizing Gaussian deformations in an object-
centric video through a K-plane [8] based deformation net-
work with an RGB rendering loss and a SDS loss. Dream-
Scene4D [5] extends this approach to multi-object scenes
by introducing a “decompose-recompose” strategy that op-
timizes 4D Gaussians for each object track independently.
However, these methods struggle with multi-object occlu-
sions since they model objects separately, without consider-
ing the interactions and occlusions between them.

3.2. GenMOJO
We introduce GenMOJO, a framework for video-to-4D gen-
eration in complex multi-object scenes, specifically de-
signed to accurately model object interactions and occlu-
sions. GenMOJO employs an “early-composition” strategy
by first composing 3D Gaussians in a global space with
depth initialization, then optimizing for their temporal de-
formations. Furthermore, we render instance masks to pre-
serve Gaussian instance identities during the joint splat-
ting process, effectively managing significant 2D mutual
occlusions between objects by leveraging the compositional
structure of the 3D scene.

As illustrated in Figure 2, our method processes a
monocular multi-object video by first isolating each object
using state-of-the-art segmenters and trackers [17, 36, 38].
We then apply Score Distillation Sampling (SDS) [33] with
diffusion priors to generate static 3D Gaussian representa-
tions for each object. Unlike DreamScene4D [5], which
independently optimizes Gaussian deformations and later
composes the objects, GenMOJO composes the entire 3D
scene upfront using initial depth predictions. This enables a
joint optimization of all Gaussian deformations, enhancing
stability and overall generation quality.

3.2.1. Multi-object Joint Splatting
After independently optimizing 3D Gaussians for each ob-
ject in the initial frame, we compose them within a unified
coordinate frame to create a coherent 3D scene with ini-
tial depth ordering. This process involves determining the
depth and scaling of each object along camera rays. Specif-
ically, we employ a pre-trained consistent video depth es-
timator [13] to determine the relative depth of each object,
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Figure 2. Method overview of GenMOJO. Starting with a monocular video, GenMOJO uses segmentation and tracking methods [36, 38]
to isolate each object. Score Distillation Sampling (SDS) [33] is applied to generate static 3D Gaussian representations. The 3D Gaussians
for each object are first composed in global space with depth-based initialization [13] and optimized using re-projection error from the
video, along with individual object renders for score distillation. Differentiable affine transformations are employed to jointly optimize
both image-centric reprojection and object-centric score distillation objectives within a unified framework.

which then guides the composition of the scene. We ran-
domly select a “reference” object j and compute the rela-
tive depth scaling for every other object i as ki = Di

Dj
in

each frame, where Di and Dj is the median depth for ob-
jects i and j.

In the t-th frame, the original 3D position µi
t and the

scale sit of the Gaussians for object i are scaled along
the camera rays using the scaling factor ki: pi

t = Cr −(
Cr − µi

t

)
×ki and sit = sit×ki, where p is the updated 3D

position and Cr denotes the camera position.
With these multi-object 3D scenes composed at each

timestep, we jointly render and optimize Gaussians from
all objects using the RGB rendering loss Lrgb [18] and flow
rendering loss Lflow [5, 47].

3.2.2. Instance and Occlusion-aware Gaussian Splatting
Jointly optimizing deformations can introduce a failure
mode where Gaussians from different objects “jump” to an-
other during close interactions or occlusions. To mitigate
this, we assign a one-hot encoding instance label to each
Gaussian as a fixed Gaussian attribute and incorporate an
instance mask rendering loss.

We extend the differentiable 3D Gaussian renderer
from [18] to render these instance labels, giving us an in-
stance segmentation map for each frame. We then com-
pare the rendered instance segmentation map ŷk against the
masks obtained from the pre-trained object mask trackers yk
(Section 3.2) using a standard negative log-likelihood loss
Lclass = −

∑
k yk log ŷk.

During optimization, the one-hot class labels remain
fixed, so any adjustments to the rendered instance segmen-
tation map ŷk can only result from Gaussian movements
in the 3D space. This approach ensures that the deformed
Gaussians do not undergo identity switches (i.e. “jump” to
another object), allowing us to model complex multi-object

occlusions accurately.

3.2.3. Robust Scene Modeling for In-the-Wild Videos
Long videos captured in natural environments often exhibit
shadow and illumination changes as objects move, leading
to variations in observed RGB values. To model this behav-
ior, we draw on techniques from 3D scene reconstruction
with unconstrained multiview image sets [19, 28] and di-
verge from previous dynamic Gaussian splatting works [27,
47], which keep Gaussian colors fixed over time. Instead,
we allow Gaussian colors to change smoothly over time by
introducing an additional MLP head on top of the defor-
mation K-plane [4] to predict time-dependent adjustments
to spherical harmonic (SH) coefficients in response to these
observed color changes. The K-plane provides an inductive
bias where Gaussians nearby in space and time should have
similar color changes. An additional L1 regularization term
Lreg is introduced on the magnitude of SH changes to pre-
vent Gaussians from abusing this relaxation to explain all
visual changes in the video.

3.2.4. Object-centric SDS Optimization in Global Scene
In monocular videos, unobserved views of the scene lack
constraints, so we rely on view-conditioned generative
models for regularization [33]. However, these view-
conditioned generative models work best in object-centric
settings, while GenMOJO directly represents all objects
within a global coordinate frame. To bridge this gap, we
employ affine transformations to transform object Gaus-
sians from the world coordinate frame to object-centric co-
ordinate frames and back, combining object-centric SDS
and rendering losses in a unified framework.

Specifically, we fit bounding boxes to each object seg-
mentation mask to obtain BBoxt in frame t. We then solve
for the 2D affine warps {Wt} that transforms BBoxt to
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Figure 3. Sample annotation from MOSE-PTS. We visualize
annotated points that are not occluded, with corresponding point
tracks displayed in matching colors.

bounding boxes that correspond to that of an object-centric
video. Geometrically, each warp Wt can be interpreted as a
translation to reposition the object at the center of a sphere
on which virtual cameras are sampled, and a scaling fac-
tor to resize it to the desired dimensions. Wt is then un-
projected to 3D using the camera projection matrix and ap-
plied to object Gaussians to transform and render them in
an object-centric frame. In this way, we can jointly opti-
mize the object Gaussians using the SDS loss by rendering
in the object-centric frame, and rendering losses on the ob-
served video frames It under the reference camera pose.

3.2.5. Optimization Objective
Our optimization objective is described by a combination of
Lrgb and Lflow (Section 3.2.1), the SDS loss, Lclass (Sec-
tion 3.2.2), and Lreg (Section 3.2.3). We also include the
local rigidity loss [27] as an additional regularization term.
Please refer to the supplementary materials for the weight-
ing coefficients for each loss term.

4. MOSE-PTS Dataset and Analysis
The proposed MOSE-PTS dataset includes 20 videos se-
lected from MOSE [6], a dataset designed for complex
video object segmentation with substantial real-world oc-
clusions. We filter the videos using 2D visible object masks
to exclude low-interaction scenes, ensuring meaningful ob-
ject interactions and tracking challenges. Compared to con-
temporary datasets like TAP-Vid-DAVIS[7], which often
feature salient and isolated objects, MOSE-PTS presents
more complex, cluttered scenes. Annotators labeled up to
five objects per video, with five key points per object, and
all annotations were conducted at a high resolution of 1080p
to ensure precision and detail. Some annotation samples
are visualized in Figure 3. Further annotation details can be
found in the supplementary material.

Point Trajectory Analysis. In Figure 4, we compare
MOSE-PTS with TAP-Vid-DAVIS [7] based on four met-
rics: average number of points, occlusion rate per trajectory,

Avg. Number of Points

Tap-Vid-DAVIS Ours Tap-Vid-DAVIS Ours Tap-Vid-DAVIS Ours Tap-Vid-DAVIS

Avg. Occ. Rate (Traj) Avg. Occ. Rate (Video)Avg. Motion Movement

Ours

21.6

25.0

0.29

0.39

0.23

0.30

0.42

0.53

Figure 4. Statistical comparison between MOSE-PTS and Tap-
Vid-DAVIS [7]. Avg. number of points: the labeled points in each
dataset. Avg. OCC. Rate (Traj / Video): the mean occlusion rate
across individual trajectories, capturing the frequency of occlu-
sions within distinct trajectories or videos. Avg. Motion Move-
ment: the mean displacement of points between frames. These
metrics show that MOSE-PTS contains more complex point tracks
that have varied motion and undergo large occlusions.

motion range, and occlusion rate per video. MOSE-PTS has
a higher average number of points, requiring more simulta-
neous tracking and increasing the complexity of the dataset.
Additionally, MOSE-PTS has more complex multi-object
occlusions and a wider motion range than TAP-Vid-DAVIS.

5. Experiments
We evaluate GenMOJO for its ability to generate novel
views of scenes and to track points in videos through occlu-
sions. Our experiments aim to address these questions: (1)
How does GenMOJO compare to other methods [5, 14, 37]
in terms of novel view synthesis? (2) How does GenMOJO
perform in tracking points through occlusions compared to
existing state-of-the-art supervised point trackers [15, 16]
and test-time optimization [5, 37, 47] methods? (3) To
what extent do generative priors and object-based video
decomposition contribute to improved view synthesis and
point tracking? (4) Do object-centric generative priors [24]
in GenMOJO outperform priors obtained from scene-level
view-conditioned generative models [39, 40]?
Datasets. To evaluate GenMOJO on complex, real-world
scenarios and provide a strong basis for comparison with
existing baselines, we select a challenging subset of 15
multi-object videos from DAVIS [7, 32] and incorporate the
30 videos from our newly proposed MOSE-PTS dataset.
This combined evaluation set spans a wide range of diffi-
cult scenes with diverse object motions and interactions, en-
abling a rigorous assessment of GenMOJO’s ability to gen-
erate coherent 4D scenes that handle object interactions and
accurately track points across occlusions.
Implementation Details. We conduct experiments on a
48GB A6000 GPU. We crop and scale the individual objects
to around 65% of the image size for object lifting. For static
3D Gaussian optimization, we optimize for 1000 iterations
with a batch size of 16, similar to previous works [5, 37].
To optimize the deformations, we optimize for 40 times the
number of frames with a batch size of 8 and accumulate
gradients for 2 steps. Details are provided in the appendix.
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Figure 5. Video to 4D Scene Generation Comparisons. We render Shape of Motion [47], DreamScene4D [5], and GenMOJO on a
DAVIS video (left) and a MOSE video (right) from the reference view (top three rows) and a novel view (bottom two rows). We can
see that the baselines produce artifacts or incorrectly model spatial relationships between objects, while our method does not exhibit such
errors. We also render novel views for DreamScene4D and our method, where we can similarly observe improvements.

5.1. Video to 4D Scene Generation
Baselines. We consider the following baselines for evalu-
ating 4D scene generation: (1) Consistent4D [14], a method
for video-to-4D generation from monocular videos that fits
dynamic NeRFs per video using rendering losses and score
distillation. (2) DreamGaussian4D [37], a 4D video gener-
ation method that, like our approach, uses dynamic Gaus-
sian Splatting but does not employ object priors and thus
lacks video decomposition. (3) DreamScene4D [5], a re-
cent SOTA approach for 4D generation from multi-object
monocular videos using dynamic Gaussian Splatting, mak-
ing it the most directly comparable to our method. How-
ever, unlike GenMOJO, it optimizes each object’s motion
independently, whereas GenMOJO jointly optimizes mo-
tion across all objects to capture object interactions.

Evaluation Metrics. The quality of 4D generation can
be assessed in two key aspects: the view rendering qual-

ity of the generated 3D geometry and the accuracy of the
3D motion. This section focuses on view rendering quality.
Following previous works [14, 37], we report CLIP [35]
and LPIPS [57] scores between four novel-view rendered
frames and the input video frames, and calculate the average
score per video. These metrics evaluate the semantic sim-
ilarity between rendered and input video frames. Further-
more, we conducted a user study on MOSE videos, using
a two-way voting method to compare GenMOJO with the
state-of-the-art method DreamScene4D. Finally, we mea-
sure PSNR by comparing the rendered frame from the ref-
erence camera view to the input video sequence, providing
a metric for the faithfulness of the 4D generation results.

4D Generation Results. The 4D generation results on
MOSE and DAVIS videos are presented in Table 1. Since
GenMOJO directly models objects in world space, it
achieves the most faithful scene representation, as indicated
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Table 1. Video to 4D Scene Generation Comparisons. We report the PSNR score for the re-rendered video under the reference camera
pose, and the CLIP and LPIPS scores in novel views for MOSE [10] and DAVIS [32]. For user preference, we report the preference
between DreamScene4D and GenMOJO in a two-way voting. GenMOJO outperforms existing methods for both novel view synthesis and
produces faithful re-renderings in the reference camera view.

Method MOSE DAVIS

CLIP ↑ PSNR ↑ LPIPS ↓ User Pref. CLIP ↑ PSNR ↑ LPIPS ↓
Consistent4D [14] 77.78 22.59 0.172 - 77.17 22.31 0.146
DreamGaussian4D [37] 81.96 17.82 0.195 - 81.62 17.68 0.183
DreamScene4D [5] 85.16 22.98 0.169 36.8% 84.13 21.73 0.163

GenMOJO (Ours) 85.41 25.56 0.168 63.2% 84.17 23.51 0.163

by its high PSNR scores on both MOSE and DAVIS. Gen-
MOJO also produces high-quality novel views, supported
by its CLIP and LPIPS scores, which measure semantic
similarity with the reference view, and by the user pref-
erence study. Consistent4D and DreamGaussian4D, origi-
nally designed for object-centric inputs, struggle with multi-
object scenes like those in MOSE and DAVIS. This limita-
tion often leads to distorted 3D geometry or artifacts due
to ineffective motion optimization. While DreamScene4D
can handle multi-object videos, it optimizes each object in-
dependently, which limits its ability to model inter-object
occlusions or interactions in more complex videos.

We show qualitative comparisons on MOSE and DAVIS
videos between in Figure 5, highlighting instances where
DreamScene4D fails to capture accurate relationships be-
tween interacting objects, leading to clipping problems.
Additionally, we display reference view renderings from
Shape of Motion, a recent Gaussian splatting-based method
for point tracking. Since Shape of Motion only models visi-
ble parts of the scene, we exclude its results for novel views,
and observe noisy renderings even in the reference view.
These results demonstrate the robustness of GenMOJO in
handling complex real-world videos with frequent occlu-
sions and object interactions.

5.2. 4D Gaussian Motion Accuracy
Baselines. For evaluating Gaussian motion accuracy, we
compare GenMOJO with DreamGaussian4D [37] and
DreamScene4D [5], as in the previous section. Consis-
tent4D [14] is not included since extracting accurate point
motion from implicit NeRF representations is highly non-
trivial and beyond our scope. We also include Shape of
Motion [47], a recent optimization-based point-tracking
method that employs 4D Gaussian Splatting. However, un-
like GenMOJO, Shape of Motion does not leverage object
or generative priors in optimizing dynamic Gaussians.

Evaluation Metrics. To evaluate motion accuracy, we use
both Average Trajectory Error (ATE) and Median Trajec-
tory Error (MTE) [58], which measure the L2 distance be-
tween the estimated tracks and the ground truth tracks in
all timesteps. MTE is included because it is less sensi-

tive to extreme failure cases, providing a robust assessment
of typical tracking accuracy. We also report the Average
End Point Error (A-EPE) and Median End Point Error (M-
EPE) [5, 11], which calculate the L2 distance specifically at
the final timestep. This provides specific insights into the
tracking accuracy over long time horizons. For consistency,
the predicted point tracks of all the methods are normalized
to a resolution of 256× 256 during the evaluation [7, 15].

Point Tracking Results. Table 2 presents the point track-
ing results on MOSE and DAVIS video datasets, includ-
ing comparisons with SOTA supervised methods [15, 16]
trained on point annotations serving as an upper bound for
performance. Supervised trackers like CoTrackerV2 and
CoTrackerV3 show significantly lower accuracy on MOSE
compared to DAVIS, highlighting the greater challenge
posed by MOSE videos due to frequent, prolonged occlu-
sions and larger object and point displacements. GenMOJO
achieves the lowest tracking error in all semi-supervised
and optimization-based methods, excelling in each evalu-
ation metric. It also performs competitively on the simpler
DAVIS dataset.

Both DreamScene4D [5] and GenMOJO benefit from
object priors that help the Gaussians stay anchored to the
same object throughout the video, enhancing tracking accu-
racy over other baselines, where tracked points often drift
and get lost on different objects. This drift is a com-
mon issue for GMRW [42], Shape-of-Motion [47], and
CoTracker [15], especially during occlusions. However,
DreamScene4D, unlike GenMOJO, lacks cross-object in-
teraction modeling, which hinders its performance during
occlusions. Without joint motion optimization, Dream-
Scene4D’s Gaussian motion tracks in separate objects
struggle to account for observed interactions in the video,
causing tracks to drift or flicker within objects during oc-
clusions, ultimately reducing tracking accuracy.

5.3. Ablation Experiments
We perform ablation studies to assess the impact of various
components in GenMOJO on the generation quality and the
motion accuracy, as shown in Table 3 using MOSE videos.
First, we evaluate the effect of removing joint splatting
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Table 2. Point tracking comparison between 4D generation / reconstruction methods. We report the Average Trajectory Error (ATE),
Median Trajectory Error (MTE) [58], Average End Point Error (A-EPE), and Median End Point Error (M-EPE) [5] in MOSE [10] and
DAVIS [7, 32]. GenMOJO outperforms existing methods that were not trained on point tracks in MOSE, and achieves competitive
performance when compared against learning-based methods.

Method MOSE DAVIS

ATE ↓ MTE ↓ A-EPE↓ M-EPE↓ ATE ↓ MTE ↓ A-EPE↓ M-EPE↓
(a) Not trained on point tracking data

GMRW [42] 24.85 20.87 42.59 36.99 42.17 26.73 75.61 60.14
DreamGaussian4D [37] 27.73 25.71 46.18 43.55 30.27 28.18 61.5 55.69
Shape of Motion [47] 18.39 10.40 28.25 18.30 8.91 3.93 18.94 6.08
DreamScene4D [5] 13.47 10.49 22.48 16.97 9.59 6.50 17.47 10.29
GenMOJO (Ours) 9.91 8.47 15.46 11.11 8.16 6.32 14.14 9.36

(b) Trained on point tracking data

CoTrackerv2 [15] 15.74 12.15 27.96 20.35 21.90 2.08 26.22 3.49
CoTrackerv3 [16] 11.54 8.33 22.16 16.11 21.24 1.74 24.0 3.11

Table 3. Ablation experiments. We report motion accuracy and
view synthesis metrics in MOSE [10] by removing different pro-
posed components in GenMOJO. We additionally replace object-
centric SDS with scene-level SDS [40], and replace DepthCrafter
with DepthAnything-V2 [52] for depth initialization.

Method MOSE

A-EPE ↓ M-EPE ↓ CLIP ↑ PSNR ↑
Full Model 15.46 11.11 85.41 25.56

w/o Multi-object Joint Splatting 23.48 16.97 85.18 22.88
w/o Transformed Obj-centric rendering 19.44 14.50 81.44 25.30
w/o Instance Masks Rendering 16.77 12.49 84.88 25.19
Scene-Level SDS [40] 20.03 15.49 83.05 25.17
DepthAnything-V2 [52] 17.32 12.84 85.29 25.33

optimization and instead use a method similar to Dream-
Scene4D, where objects are optimized independently. This
change leads to a marked drop in motion accuracy and
PSNR, confirming that joint splatting is crucial for accu-
rately modeling object occlusions and interactions.

Next, we investigate the role of unseen object model-
ing by testing the integration of SDS during motion op-
timization. As expected, omitting this results in a sub-
stantial decrease in the quality of novel view synthesis.
The motion accuracy also suffers, which we hypothesize
is due to Gaussians in unobserved views becoming under-
constrained without SDS and can move unpredictably. We
further ablate with a scene-level SDS model [40] rather
than object-centric SDS ones [24], which also led to per-
formance drops. This may be due to object-centric NVS
diffusion models outperforming scene-level ones, and lead-
ing to lower quality SDS gradients.

To examine GenMOJO’s robustness to different depth
models, we replace DepthCrafter [13] with DepthAnything-
V2 [52], which generates less consistent depth across
frames. We observe a minor performance impact, likely due
to occasional depth inaccuracies. Lastly, we remove the in-
stance mask rendering loss and find a reduction in motion
accuracy, though the novel view synthesis quality remains

largely unchanged. We observed that this is due to some
Gaussians drifting between objects without this loss, lead-
ing to less accurate motion tracking.

5.4. Limitations
Despite the progress demonstrated in this paper, GenMOJO
has several limitations: (1) Similar to previous methods [5,
37], our approach relies on the generalization capabilities
of the view-conditioned generative model, which struggles
with videos featuring unconventional camera poses. (2) Al-
though our joint motion optimization procedure can cor-
rectly determine the depth ordering of objects, jittery depth
estimations can still cause objects to “jump” along the depth
axis. (3) Due to the reliance on test-time optimization, our
method is not suitable for online applications. We hope to
develop novel feedforward models that can enable both real-
time inference and provide stronger priors for test-time op-
timization in future work.

6. Conclusion
In this work, we introduce GenMOJO, a novel approach
for generating complete 4D scenes from complex monoc-
ular videos containing multiple objects, prolonged occlu-
sions, and intricate inter-object interactions. GenMOJO
leverages state-of-the-art pre-trained models to decompose
scenes into individual object trajectories while employing
a joint motion optimization strategy to capture inter-object
dynamics accurately. Experimental results in in-the-wild
video datasets, such as DAVIS and MOSE, highlight the
superiority of our method in view-synthesis tasks, outper-
forming existing baselines. Furthermore, we annotated the
point tracks in MOSE videos to assess the accuracy of
Gaussian motion, revealing that the Gaussian tracks gen-
erated by GenMOJO outperform previous methods in chal-
lenging scenarios characterized by large movements and ex-
tended occlusions.
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