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Figure 1: Visualization of segmentation and tracking results. We compare Motion4D with state-
of-the-art 2D foundation models, highlighting their lack of 3D consistency. As shown, existing 2D
approaches often suffer from temporal flickering (green box) or spatial misalignment (red box).

Abstract

Recent advancements in foundation models for 2D vision have substantially im-
proved the analysis of dynamic scenes from monocular videos. However, despite
their strong generalization capabilities, these models often lack 3D consistency, a
fundamental requirement for understanding scene geometry and motion, thereby
causing severe spatial misalignment and temporal flickering in complex 3D envi-
ronments. In this paper, we present Motion4D, a novel framework that addresses
these challenges by integrating 2D priors from foundation models into a unified
4D Gaussian Splatting representation. Our method features a two-part iterative
optimization framework: 1) Sequential optimization, which updates motion and
semantic fields in consecutive stages to maintain local consistency, and 2) Global
optimization, which jointly refines all attributes for long-term coherence. To en-
hance motion accuracy, we introduce a 3D confidence map that dynamically adjusts
the motion priors, and an adaptive resampling process that inserts new Gaussians
into under-represented regions based on per-pixel RGB and semantic errors. Fur-
thermore, we enhance semantic coherence through an iterative refinement process
that resolves semantic inconsistencies by alternately optimizing the semantic fields
and updating prompts of SAM?2. Extensive evaluations demonstrate that our Mo-
tion4D significantly outperforms both 2D foundation models and existing 3D-based
approaches across diverse scene understanding tasks, including point-based track-
ing, video object segmentation, and novel view synthesis. Our code is available at
https://hrzhou2.github.io/motiondd-web/|
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1 Introduction

The joint modeling of geometry, semantics and temporal dynamics of 4D scenes is a fundamental
task in computer vision with broad applications in robotics, autonomous driving, augmented reality,
etc. A key aspect of this problem is the estimation of motion-related priors, such as semantic masks,
2D point tracks, and depth maps, which serve as essential cues for reconstructing and interpreting
complex scenes. However, despite significant progress, ensuring consistency and accuracy in the
predictions remains challenging due to occlusions, view variations, and motion ambiguity.

Recently, the emergence of the Segment Anything Model (SAM) [[18] has revolutionized 2D visual
understanding and established itself as a foundational model for image segmentation. Inspired by its
success, many related vision models have been developed. For example, Track Any Point [[7} 8] for
point-based object tracking and Depth Anything [47} 48] for monocular depth estimation. Although
these models have achieved impressive performance by using large-scale datasets and extensive
pre-training, they remain inherently limited in maintaining 3D coherence. In practice, even the state-
of-the-art SAM2 [34]] model still suffers from significant inconsistencies across frames, including
spatial misalignment, temporal flickering, and boundary artifacts (cf. Figure[T). Such limitations arise
from their design, which relies on frame-wise processing and lacks explicit 3D reasoning.

One promising solution is to lift 2D vision models for 3D understanding by leveraging explicit 3D
representations such as Neural Radiance Fields (NeRFs) [26] or 3D Gaussian Splatting (3DGS) [17].
Unfortunately, most existing methods [52, [1}, 137, 51} [2] are specifically designed for static scenes,
where they improve consistency across the scene by incorporating multi-view segmentation results
into an optimized 3D representation. Applying 2D models to dynamic environments introduces
new challenges, including motion complexity, occlusions, and spatio-temporal alignment. These
challenges, which are already problematic in 2D, remain difficult to resolve through direct integration
with 3D representations. Another limitation of recent works [40l 14} 21] is that they treat 2D priors
separately from dynamic 3D representations: they either learn the feature fields independently of
the 3D model or decouple semantic understanding from motion estimation. As a result, the limited
modeling of appearance and motion ultimately prevents the estimation of coherent predictions.

In this paper, we address the challenges of inconsistent 2D predictions and weak 3D integration
by developing a unified dynamic representation that models motion and semantics from casual
monocular videos. We introduce Motion4D, a method that refines multiple scene characteristics,
including semantic masks, 2D point tracks, and depth estimation, while jointly optimizing a 3D
Gaussian Splatting model augmented with semantic and motion fields. Motion4D consists of a
two-part iterative optimization framework: 1) Sequential optimization that updates the motion and
semantic fields in two consecutive stages within short temporal windows to maintain local consistency.
2) Global optimization that performs a joint optimization of all attributes throughout the sequence
to ensure coherence. In the first stage of sequential optimization, we propose iferative motion
refinement to enforce 3D motion consistency by correcting accumulated errors across sequences
using a tracking loss with learned 3D confidence maps. We further introduce an adaptive resampling
module to improve motion consistency by inserting new Gaussians into underrepresented regions
identified through per-pixel RGB and semantic errors. In the second stage, we propose an iterative
semantic refinement process to iteratively update 2D semantic priors by aligning rendered 3D masks
with 2D predictions through bounding boxes and prompt points.

We introduce DyCheck-VOS, a new benchmark for evaluating video object segmentation in real-
istic and dynamic scenes with camera and object motion. Extensive evaluations on benchmark
datasets show that our Motion4D demonstrates superior performance across various dynamic scene
understanding tasks. Our method significantly outperforms both 2D foundation models and 3D
representation-based methods in video object segmentation, point-based tracking, and novel view
synthesis. Figure [T]shows an example of our qualitative result compared to existing approaches. Our
contributions are summarized as:

* We propose Motion4D, a model that integrates 2D priors from foundation models into a dynamic
3D Gaussian Splatting representation to achieve consistent motion and semantic modeling from
monocular videos.

* We design a two-part iterative optimization framework comprising sequential optimization, which
updates motion and semantic fields in consecutive stages to maintain local consistency, and global
optimization, which jointly refines all attributes to ensure long-term coherence.



< We introduce iterative motion re nement using 3D con dence maps and adaptive resampling
to enhance dynamic scene reconstruction, and semantic re nement to correct 2D semantic
inconsistencies through iterative updates with SAM2.

¢ Our Motion4D signi cantly outperforms both 2D foundation models and existing 3D methods in
tasks, including video object segmentation, point-based tracking, and novel view synthesis.

2 Related Work

2D vision models for scene understanding. As a fundamental aspect of scene understanding,
semantic segmentation remains an essential yet challenging task in computer vision. Recently,
the Segment Anything Model (SAMLE] was introduced as a promptable segmentation network
trained on billions of masks, enabling strong zero-shot segmentation performance on new images.
Its successor, SAMZ3H], extends this paradigm to video by using a streaming memory mechanism,
and builds the largest video segmentation dataset (SA-V) to date. SAM2 serves as a foundation
model for segmentation across images and videos, achieving state-of-the-art results in video object
segmentatiori |%,/4, 30, 28] and offering broad applications across various domains.

Inspired by its success, many related vision models have been developed, further exploring foundation
models for vision understanding. Among them, Track Any Point (TAP)rtroduces the task of
point-level tracking for dynamic scenarios, standing out as a key task in scene understanding.
Building on prior work in 2D optical ow [B9], it further extends the de nition to capture dense

and long-term relationships for tracking arbitrary points in videos. Recently, there has been a
rising interest in this problem, with several works demonstrating impressive long-term 2D tracking
results on challenging, in-the-wild videdg, [1S, 20]. Another important topic is the Monocular
Depth Estimation (MDE) from images and vide@3[3,/44]. This line of work aims to predict

depth information for any images under any circumstances, demonstrating strong generalization
abilities suitable for various downstream scenarios. Recently, Depth Any#irhhds achieved

signi cant progress by greatly scaling up its dataset with large-scale unlabeled data, leading to
signi cant improvements in depth estimation. Building on this progress, several works have been
proposed48, 47, with further improvement in video depth estimation and data acquisition. While
these 2D foundation models demonstrate superior generalization abilities, they are still intrinsically
limited in producing 3D-consistent estimations essential for scene understanding. Our work, therefore,
builds on the predictions of 2D vision models and seeks to construct a joint and spatio-temporally
coherent representation of multiple motion priors.

3D representation models. Inthe eld of 3D vision, recent advances in 3D representation models,
such as Neural Radiance Fields (Nef§][and 3D Gaussian Splatting (3DG{)], have achieved
impressive results in novel view synthesis. Leveraging the expressive representation of 3DGS,
research in scene reconstruction and view synthesis has expanded to dynamic4;@2424 9, 131,
10,[27,[11], allowing for the modeling of complex object geometry and motion. On the other hand, the
use of 3D models has extended beyond view synthesis to broader tasks, such as gelh8y26hn [
scene understandindd, 25], and language-related applicatiof®2]. Integrating 2D vision models

with 3D representations for scene understanding is also a common strategy, typically for segmentation
tasks with multi-view inputs in static scendsl| 2, 52, 141, (37, [1]. However, when dealing with
dynamic scenes involving complex motion, fewer relevant studies have been proposed. These methods
either leverage an existing dynamic 3D representation with an additional semantid42[2{],

or decouple the modeling of semantics and moté}.[ This makes them ineffective in handling
complex motion in casual videos, limiting their ability to maintain 3D consistency. Compared to
previous works, our method employs an effective iterative optimization strategy to jointly model
semantics and motion, ensuring 3D consistency in dynamic scenes.

3 Our Method: Motion4D

Problem De nition. The input to our Motion4D is a video sequence Bfposed RGB images
fl 10, and a set of priors generated by 2D pre-trained models: 1) The object Maska) 2D
point tracksU; o from t to target frame at% 3) Monocular depttD, wheret denotes the

timestep. Our goal is to estimate spatio-temporally consistent predictions of senNaniérsl motion



Figure 2: Overview of Motion4D. Our Motion4D introduces an iterative re nement framework,
consisting of (¢) sequential optimization and global optimization stages. We develop (a) an iterative
motion re nement module that uses 3D con dence maps and adaptive resampling to improve motion
accuracy, and (b) an iterative semantic re nement module to re ne the semantic eld.

component$ 0 o; D ;g while simultaneously reconstructing a coherent scene representation that
models appearance and dynamics of the scene.

Overview. Figure 2 shows an overview of our Motion4D pipeline. We rst de ne the 3DGS with
motion and semantic elds as our 4D scene understanding representation in Section 3.1, followed
by the introduction of our Motion4D. Conceptually, our method aims to iteratively re ne both
the 2D priors and 3D scene representation throughout the optimization process of dynamic scene
reconstruction. For the motion eld, we update the 2D tracking priors by learning a con dence
weight to control the supervision and introduce an adaptive resampling strategy to further enhance
the modeling of motion (cf. Section 3.2). For the semantic eld, we leverage the promptable
SAM2 model B4] as a component in our training pipeline. After each iteration, we render semantic
views from the GS model and feed them as additional prompts to the SAM2 model, which directly
re nes the 2D semantic priors (cf. Section 3.3). Furthermore, we adopt a sequential optimization
strategy for motion and semantic elds to effectively mitigate error accumulations over time (cf.
Section 3.4). Finally, we further improve reconstruction accuracy via a global optimization stage
to ensure consistency and coherence across all elds (cf. Section 3.4). By combining the strong
temporal consistency of explicit 3D representations and the rich semantic priors provided by 2D
networks, our Motion4D achieves improved motion and semantic coherence across space and time.

3.1 4D Scene Understanding Representation

We represent the scene using 3DGZ] [and further extend it with motion and semantic elds to
model dynamic 3D environments. Traditionally, 3DGS de nes a sél aftatic Gaussians in the
canonical frame ag® =f ?;R?;s;;0;¢0, wherei = 1;::;N . 22 R® andR? 2 SO(3) denote
the 3D position and orientation in the canonical frame, §n2l R 3 is the scaleg; 2 R is the opacity,
andg 2 R3 is the color. During rendering, given a pixein view | with extrinsic matrixE and
intrinsic matrix K, its color I(p) can be computed by blending intersected 3D Gaussians:

X e
I(p) = ¢ i @ ) 1)
i2H(p) j=1
whereH (p) is the set of Gaussians intersecting at pjxednd ; =0; exp( 3(p 2%~ (p

2dy). 2dand 2?are the projected 2D Gaussian mean and covariance, respectively.

To model the motion of dynamic objects, we de ne a deformation eld (motion eld) which adjusts
positions and orientations at each frame via rigid transformatidés [Speci cally, the pose
parameterg¢ !;R!) are rigidly transformed from the canonical framgevia T?* =[R%t t 12
SE(3) for a dynamic 3D Gaussian attime t, i.e.:

[=RP ORt RI=RORP @
Instead of de ning per-frame motion parameters for all Gaussians, we use a set of global motion bases
f9t g8, and assign coef cienta? to each Gaussian. As a result, the per-frame transformation is
obtained by a weighted combination a8'T = = 7 wPft |



Due to the explicit representation of 3DGS, we follosd,[ 2, 21] to directly embed a semantic
eld onto each Gaussian for scene semantics. This is analogous to the role of the color eld during
rendering. As a result, we can render the semantic view in a similar way as Equation 1 by:

X N
1*Mp) = feeme @ ) 3
i2H(p) j=1

This gives the per-pixel semantic features, which can be converted to objectllé’naskstime t.

3.2 Iterative Motion Re nement

Figure 2(a) illustrates the motion eld re nement process, where we focus on improving the motion
(deformation eld) of dynamic Gaussian Splatting that directly impacts the accuracy of 3D point
tracking estimation. The initial 3D point tracks are formulated by the 2D point trdgks. and
monocular deptiD . Following [42], we then compute the pixel-wise 3D motion trajectory of the
query frame t by rendering the 3D positions of Gaussian points at the targettime t
X . ¥
Xt o(p) = N ¢! i) 4)
i2H (p) j=1

where }0 is position of the Gaussian at the target fraide; o(p) therefore estimates the 3D position

of the pixel at timet®, which can be projected into 2D tracks; o(p) and deptidy; o(p). We now
consider supervising these estimates using the corresponding 2D priors.

Unlike the re nement of semantics (cf. Section 3.3), 2D tracking networks do not support prompt-
based interactions such as those in SAM2, i.e. we cannot directly update 2D track and depth priors
to ensure consistency. Instead, we seek to control the supervision loss by assigning a pixel-wise
con dence weight w(p) to reduce the in uence of erroneous estimations in the input priors:

X
Liak= — wW(PKOu o(p) U we o(P)K; L depin= w(p)kDy o(p) D ((PIk: (5)

1
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wherep®= X 4 o(p) is the position at®. The con dence weightv(p) estimates the probability that
the input priors are inconsistent with the ground truth. We then add a new uncertainty; 2I& to
each Gaussian and obtain the weight by rendering the 3D uncertainty logits into 2D:
X N
w(p) = ui i (@) (6)
i2H(p) =1

We de ne the weight by evaluating the self-consistency of the pixel across time in terms of the color
and semantic estimations:

1 ifkle(p);lto(pOk < and kM ¢(p);M ro(pOk < &

Ly = BCE(W(p)-W(p))1 Wherew(p) = 0 otherwise:

()

where BCE() is the binary cross entropy, and an®are the distance thresholds.

Adaptive Resampling. We introduce a new 3DGS densi cation strategy to further enhance motion
modeling through an adaptive resampling process. As discussed in prior \85/1&8], the Adaptive
Density Control of 3DGS17] relies heavily on gradient magnitude. This makes it sensitive to the
choice of loss functions and often fails to identify the under tting regions. Consequently, we extend
the idea of error-based densi cation from static sce@&to dynamic environments and develop a
sampling strategy to insert new Gaussians into the under-represented regions of the moving objects.
In each iteration, we rst compute per-pixel errag,(p) andesen(p) for the RGB and semantic
views, respectively. We then select regions whege(p) > g OF €sen(P) > sem Finally, we
sample 2D points from these error-prone regions, project them into 3D using the rendered depth, and
initialize new Gaussians based on their nearest dynamic Gaussians. By progressively re ning and
lling sparsely reconstructed regions, our Motion4D effectively recovers blurry or missing parts of
foreground targets that are typically caused by inaccurate initial motion estimates or tracking failures.



Figure 3: lllustration of (a) iterative semantic re nement and sequential optimization processes for
(b) the semantic eld and (c) the motion eld. The proposed strategies effectively update 2D input
priors to achieve consistent results across space and time.

3.3 lterative Semantic Re nement

Our Motion4D iteratively re nes scene semantics by alternating between updating the 3D rep-
resentation and semantic eld, and re ning the 2D semantic priors using the reconstructed 3D
scene representation. Speci cally, at #h iteration step, we rst obtain 2D segmentation masks

fM $1 g., generated by SAM2 in the previous iteration to supervise the semantic eld during its
optimization. We then render 3D masis® and compare each rendered mask with the corresponding
2D maskM fl to identify mismatched regions that require additional prompts. For each afject,
prompts are generated to align the 2D predictions with the rendered 3D masks as follows: 1) an exact
bounding box of the 3D mask is provided, and 2) we place positive or negative prompt points at the
center of the most prominent regions, determined by the maximum value of the distance transform.
Note that, we avoid using the exact 3D mask as a prompt since that SAM2 tends to strictly follow
the mask input, limiting its exibility in re ning 2D semantic priors. Figure 3(a) provides a visual
example of the iterative re nement on semantics. We show that rendered 3D masks offer greater
consistency inherent to the 3D scene representation, while SAM2 excels at preserving ne-grained
high-resolution details. To this end, our method effectively updates inconsistent 2D masks through
additional prompts that resolve semantic ambiguity.

3.4 Optimization Pipeline

Figure 2(c) illustrates the overall optimization pipeline, which consists of the sequential and global
optimization in three stages.

Sequential Optimization. The sequential optimization consists of two stages. In Stage 1, our
Motion4D optimizes the motion eld across video sequences, where each sequence is de ned as
a chunk of consecutive framé& = 1 jt 2 [iL;(i+ 1)L) . To enhance short-term tracking and
dynamics, we apply the iterative motion re nement module within each sequence. We proceed to
Stage 2 upon completion of the motion eld optimization, which focuses on optimizing the semantic
eld. During this stage, we ensure a more stable semantic re nement by keeping the motion eld
xed to prevent inaccurate semantic priors from affecting the Gaussian parameters.

Sequential optimization is crucial for maintaining long-term consistency in both motion and semantic
estimations. As shown in Figure 3(b), 2D priors are prone to error accumulation over time since 2D
networks typically rely on the short-term memory of recent predictions. We observe that the SAM2
result aligns well with objects in the initial frames but gradually loses track as the video progresses.
The accumulation of these inconsistencies corrupt the semantic representation and dominate the
supervision when optimizing over the entire sequence space. To address this issue, our Motion4D
uses sequential optimization steps to produce consistent results over short temporal windows and
progressively extending them across the entire video. To ensure consistency between sequences, the
semantic re nement step explicitly updates SAM2 semantic priors to enhance temporal consistency
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