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Abstract

Video motion segmentation aims to identify moving objects
in a video. It remains challenging because observed mo-
tion is jointly affected by object dynamics, camera move-
ment, depth-dependent parallax, and scene geometry. Ex-
isting methods often rely on optical flow, point trajectories,
mask propagation, or iterative test-time optimization, lead-
ing to error accumulation and high computational costs.
To this end, we introduce OmegaMotion, a feed-forward
framework that repurposes a frozen 3D foundation model
for direct frame-wise motion mask prediction. OmegaMo-
tion leverages the rich spatio-temporal geometric priors
and camera-aware representations learned by VGGT-2 to
construct a multi-level encoding of scene structure and dy-
namics. By unifying these learned geometric priors with
explicit dynamics cues, our model directly isolates indepen-
dent object motion masks from camera-induced displace-
ment in a single forward pass without requiring per-video,
test-time optimization. Extensive experiments demonstrate
that OmegaMotion achieves state-of-the-art performance
across multiple motion segmentation benchmarks while de-
livering superior inference efficiency.

1. Introduction

Video motion segmentation aims to predict category-
agnostic binary masks that identify objects moving indepen-
dently in a scene. It serves as a foundational building block
for downstream tasks such as video understanding, robotic
perception, autonomous navigation, and dynamic-scene re-
construction [7, 11, 20, 42, 48]. Despite its clear goal, seg-
menting independent object motion from raw visual input is
intrinsically ill-posed, as observed 2D pixel displacement is
governed by a complex mixture of object dynamics, cam-
era motion, and depth-dependent parallax, and is further
complicated by occlusion, non-rigid deformation, and tran-
sient movements [7, 11, 26]. Consequently, scene elements
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Figure 1. Accuracy—efficiency trade-off on DAVIS 2016 (accu-
racy in J&F and per-frame inference time in seconds). All
runtime measurements are obtained from RGB inputs on a single
NVIDIA RTX A6000 GPU. Methods toward the upper-left region
demonstrate a more favorable trade-off, detailed in Section 4.2.

can exhibit large apparent motion under camera movement,
whereas genuinely dynamic objects may exhibit only weak
motion relative to the camera. Resolving these ambiguities
therefore requires joint reasoning over 2D optical displace-
ment, viewpoint dynamics, and 3D scene structure.

Existing motion segmentation paradigms can be broadly
categorized according to their primary sources of motion
reasoning. 2D motion-driven methods estimate image-plane
displacement using optical flow [23, 42—44], point trajecto-
ries [2, 11, 14, 27], or temporal correspondences [20, 47],
and then group these estimates via clustering or object-
centric decoding. Recent methods [11, 43, 44] further em-
ploy foundation models like SAM or SAM2 [15, 33] to re-
store mask completeness from sparse prompts. However,
projected 2D displacement entangles camera-induced back-
ground motion with independent object motion, while flow
and trajectories may become unreliable under occlusion,
weak texture, rapid motion, or long-term drift.



Alternatively, 3D geometry-aware methods incorporate
epipolar constraints [7, 26], depth, camera pose, or scene
structure [19, 32] to explain motion geometrically. While
these explicit geometric cues resolve 2D motion ambi-
guities, their success depends heavily on accurate cam-
era calibration and depth estimation. Furthermore, mod-
ern pipelines, such as OCLR-TTA [42], RoMo [7], and
SegAnyMotion [11], rely on iterative pose-and-mask re-
finement and/or test-time optimization, incurring substan-
tial computational latency during inference.

Concurrently, feed-forward 3D foundation models learn
rich geometric priors from massive reconstruction data [38—
40], which increasingly benefit dynamic-scene reasoning
and motion segmentation [4, 9, 10, 45, 50]. However, exist-
ing methods often rely on geometric reconstruction outputs
or iterative reconstruction, making them prone to estimation
errors, imprecise motion boundaries, and substantial com-
putational overhead. Moreover, predominantly static-scene
supervision limits geometric reliability under non-rigid mo-
tion, severe occlusion, and rapid scene changes.

Rather than treating geometric reconstruction outputs as
the final representation, we argue that the internal represen-
tations across different token types and network depths in
3D foundation models contain rich, complementary motion
and structural cues. Specifically, multi-layer patch features
capture hierarchical scene structure, camera and register to-
kens provide global view-conditioned context, confidence-
aware depth describes depth-dependent geometry, and opti-
cal flow supplies explicit short-term displacement.

Driven by this insight, we present OmegaMotion, a
feed-forward framework that mines multi-level priors from
VGGT-? for video motion segmentation. We align and
fuse latent 3D features, camera representations, confidence-
aware dense depth, and explicit optical flow onto a unified
patch grid, upon which a five-layer self-attention motion de-
coder and a mask head predict frame-wise motion masks in
a single forward pass without per-video test-time optimiza-
tion. During inference, each prediction can prompt a frozen
SAM?2 module [33] for spatial boundary refinement.

Our primary contributions are summarized as follows:

* We present OmegaMotion, a feed-forward framework
that transfers geometric priors from a frozen 3D founda-
tion model to facilitate video motion segmentation with-
out test-time optimization.

* We design a structured aggregation and fusion scheme
that consolidates multi-level geometric and motion pri-
ors into a unified representation, enabling a compact
self-attention decoder to disentangle object motion from
camera-induced displacement.

» Extensive evaluations across multiple benchmarks con-
firm that OmegaMotion achieves state-of-the-art accuracy
while executing over 20 faster than representative itera-
tive baselines, as showed in Figure 1.

2. Related Work
2.1. 3D Foundation Models

Recent feed-forward 3D foundation models learn generaliz-
able geometric representations from large-scale multi-view
data. DUSt3R [40] directly regresses pixel-aligned point
maps from uncalibrated image pairs, replacing the conven-
tional pipeline of separately estimating image correspon-
dences, camera parameters, and depth. VGGT [38] ex-
tends this paradigm by jointly predicting camera param-
eters, depth maps, point maps, and point tracks within a
unified transformer architecture based on alternating frame-
wise and global attention. VGGT-{2 [39] further scales this
architecture in both model capacity and training data, pro-
viding stronger multi-view geometric representations and
camera-aware scene context.

Beyond explicit final predictions, the intermediate rep-
resentations learned by these models encode rich structural
relationships, viewpoint geometries, and cross-frame corre-
spondences, making them highly effective for downstream
visual reasoning tasks [3, 8, 17, 25]. Our work builds upon
this foundation by exploiting frozen VGGT-(2 representa-
tions across network depths and representation types for
feed-forward video motion segmentation.

2.2. Video Motion Segmentation

2D motion-driven methods. Conventional motion seg-
mentation relies on the premise that pixels within an in-
dependently moving object exhibit coherent image-plane
displacement. Early methods therefore group optical flow
fields [1, 26, 29, 41] or long-term point trajectories based
on motion orientation, temporal consistency, and trajec-
tory affinity [2, 14, 27]. However, motion coherence alone
frequently fails when objects deform, stop temporarily, or
move similarly to the background. Learning-based meth-
ods mitigate these failures by supplementing displacement
cues with appearance and object-level priors. Early learning
models rank flow-derived spatio-temporal proposals [6], or
jointly model appearance and motion [12, 35]. Subsequent
approaches transition from hand-crafted grouping toward
learned dynamic-static separation [20, 47, 49] and object-
centric motion representations [42, 43].

More recently, foundation segmentation models and
long-range point trackers have been incorporated to recover
spatially complete object masks from noisy motion obser-
vations. FlowSAM [44] links optical flow fields with object
proposals generated by SAM [15], while trajectory-based
approaches leverage long-range point tracks as supervision,
grouping cues, or segmentation prompts [11, 14].

Although these approaches improve object completeness
and temporal consistency, their performance remains sus-
ceptible to optical flow degradation due to partial occlusion,
weak texture, rapid motion, and tracking drift. In addition,



their multi-stage pipelines can be computationally expen-
sive. More crucially, projected 2D displacement alone can-
not resolve the intrinsic ambiguity between object motion,
camera ego-motion, and depth-dependent parallax.

3D geometry-aware methods. Geometry-aware methods
address projection ambiguities by explicitly accounting for
scene depth, camera trajectory, and 3D structural con-
straints. Early frameworks explicitly decompose or jointly
estimate these factors: SfM-Net [37] separates optical flow
into depth, camera motion, and rigid object motion, while
Ranjan et al. [32] coordinate depth, camera motion, optical
flow, and motion segmentation through multiple interact-
ing modules. While such geometric factorization provides
a principled foundation for distinguishing dynamic objects
from a moving background, it also couples segmentation
accuracy to the reliability of depth, pose, flow, and corre-
spondence estimates.

Modern methods like RoMo [7] mitigate this depen-
dence by alternating epipolar reasoning with camera-pose
and motion-mask refinement, while MegaSaM [19] jointly
derive depth, flow, and cameras for structure-and-motion
recovery in videos. Although these iterative refinement
schemes can correct inconsistent estimates, they introduce
substantial test-time computation and remain vulnerable to
error accumulation across interdependent stages.

Pretrained 3D foundation models offer an alternative
source of geometric knowledge. MonST3R [50] explores
time-dependent point maps with flow-geometry consis-
tency to distinguish static and dynamic regions, while
DAS3R [45] incorporates predicted motion masks into
dynamics-aware scene reconstruction. Moving beyond ex-
plicit reconstruction outputs, Easi3R [4] extracts camera-
object motion cues from the cross-attention features in
DUSt3R, while VGGT4D [10] shows that dynamic signals
are distributed across multiple layers of VGGT and aggre-
gates layer-wise attention for dynamic masking and 3D re-
construction. Moving from motion discovery toward direct
segmentation, GeoMotion [9] integrates latent 4D geom-
etry into a feed-forward motion-segmentation framework.
While these works highlight the utility of pretrained geo-
metric representations, the systematic extraction and fusion
of complementary cues across varying network depths and
token types remain largely underexplored.

Unlike prior cue-level fusion schemes, our OmegaMo-
tion systematically mines motion-relevant representations
across network depths and token types within a frozen
VGGT-Q) backbone. Cross-depth patch features capture
complementary object-level and global geometric structure,
while camera and register tokens condition spatial features
to isolate object motion from camera displacement. To-
gether with confidence-aware depth and bidirectional flow,
these priors enable direct frame-wise motion segmentation
in a single forward pass without test-time optimization.

RGB Inter-0 Inter-10 Inter-23

Figure 2. Layer-wise visualization of frozen VGGT-(2 patch
features. The shallow layer (Inter-0) captures localized, small-
scale salient regions; the intermediate layer (Inter-10) forms co-
herent regions aligned with object geometry and contours; and the
deep layer (Inter-23) exhibits broad scene-level organization.

3. Method

Given a video sequence Z = {I* € REXW>31V | contain-
ing N frames, our objective is to predict a category-agnostic
binary motion mask for each frame. We introduce Omeg-
aMotion, a feed-forward framework that combines explicit
motion evidence with multi-level geometric priors from a
frozen 3D foundation model. While adaptable to any back-
bone that provides intermediate spatial features and geomet-
ric predictions, we instantiate our framework using VGGT-
Q [39] for its strong multi-view geometric representations.
As illustrated in Figure 3, these representations in Omeg-
aMotion are aligned and fused onto a common patch grid
to form a unified geometry-aware feature sequence, which
is directly decoded into frame-wise motion masks. Dur-
ing inference, each prediction prompts a frozen SAM2 [33]
model once for boundary refinement, without requiring per-
video test-time optimization.

3.1. Design Observations

Observation #1: Hierarchical Feature Evolution in 3D
Backbones. Although VGGT-(2 is trained primarily for
multi-view reconstruction, its internal representations ex-
hibit distinct spatial organization across network depths.
As shown in Figure 2, early-, intermediate-, and final-
layer features emphasize complementary structural proper-
ties: shallow layers highlight localized saliency, mid-level
layers align with object boundaries and contours, and deep
layers capture broad, scene-level geometry. This reveals
that relying solely on the final-layer output discards critical
structural details, motivating a feature aggregation strategy
across multiple backbone layers.

Observation #2: Complementarity of Motion and Geo-
metric Uncertainty. Optical flow explicitly captures lo-
cal displacement, but such displacement conflates object
motion, camera motion, or depth-dependent parallax. As
shown in Figure 4, camera motion induces flow magnitude
in static background regions, whereas scene depth helps ex-
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Figure 3. Architecture of OmegaMotion. A frozen VGGT-2 backbone provides multi-layer latent representation, camera-aware context,
and dense depth with confidence, while a frozen RAFT model estimates bidirectional optical-flow magnitude. The four complementary
cues are aligned on a common patch grid and integrated into a unified geometry-aware representation, which is processed by a Transformer-
based motion decoder and a mask head to predict frame-wise motion masks.
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Figure 4. Qualitative visualization of complementary motion
and geometry cues. Given two consecutive frames, optical flow
magnitude conflates object and camera motion; Dense depth ac-
counts for depth-dependent parallax, while depth confidence in-
dicates the spatial reliability of geometric estimates. Integrating
these representations facilitates object-background separation.

plain spatially varying parallax. Meanwhile, the predicted
depth confidence varies across objects, boundaries, and oc-
cluded regions, indicating that depth estimates should not be
treated as uniformly reliable. These observations motivate
jointly modeling explicit flow, hierarchical scene structure,
global camera context, and confidence-aware depth.

3.2. Multi-Prior Feed-Forward Architecture

Given a sequence of N frames, DINOv2 [28] first extracts
per-frame patch tokens, which are fed into the frozen Vi-
sual Geometry Backbone of VGGT-2 [39] to derive multi-
layer geometry features Fgqo, camera-aware features Fcop,,
and confidence-aware depth features Fgcpin. Concurrently,
bidirectional optical flow fields estimated by RAFT [34] are
processed by a flow encoder to produce Fgoy. These four
patch-aligned feature streams are fused into Fy,s. and de-
coded into frame-wise motion masks.

Multi-layer geometry features. Motivated by Observa-
tion #1, we aggregate sparse representations from early, in-
termediate, and final backbone stages to retain geometric
information that evolves across network depth. We select
six representative layers: Inter-0, Inter-3, Inter-10, Inter-
15, Frame-23, and Inter-23, balancing cross-depth coverage
with representation redundancy and computation.

Let X* denote the aligned token sequence from layer ,
we concatenate the selected representations along the fea-



ture dimension and apply a learnable projection ¢ge,:

(Sgeov Fgeo) = ¢geo (C%ggat(xe)> (D

where Sgc, and F¢, denote the projected special and patch
tokens, respectively. The latter serves as the multi-layer ge-
ometric feature for subsequent fusion.

Camera-aware features. To account for camera-induced
displacement, we construct camera-conditioned features
from the final two representations, each containing one
camera token and 16 register tokens. Special and patch to-
kens are projected into S, and P, respectively, and fused
through multi-head cross-attention [36]:

Fcam =LN (Pc + MHA (PC7 SC7 SC)) . (2)

This operation conditions each spatial token on global cam-
era and scene context without explicitly computing camera-
induced motion.

Confidence-aware depth features. VGGT-Q2 [39] pre-
dicts dense depth maps and their confidence. The two maps
are concatenated and embedded by a pointwise MLP to ob-
tain F geptn, providing confidence-aware geometric context
by jointly modeling scene geometry and its spatially vary-
ing reliability.

Bidirectional optical-flow features. Geometric repre-
sentations provide scene-level structure but do not explic-
itly measure short-term pixel displacement. We therefore
use RAFT [34] to estimate bidirectional optical flow Fggyy.

Multi-prior fusion and motion decoding. We concate-
nate four patch-aligned streams that provide complemen-
tary geometry, camera context, depth, and motion cues:

Ffuse = (bfuse ([Fgeo§ Fcam; Fﬂow; FdepthD . (3)

The fused representation is processed by a transformer-
based decoder and a mask head to predict frame-wise mo-
tion masks.

3.3. Training Objective

For each frame ¢, the mask decoder predicts a soft motion
mask M, € [0,1]7*W, where each value represents the
probability that the corresponding pixel belongs to a moving
object, and the prediction is supervised by a binary ground-
truth mask M#' € {0,1}7*W  in which foreground mov-
ing objects and the static background are labeled as 1 and
0, respectively. For a sequence of N frames, the training
objective is

L= 1t:il |:)\1£bce (Mt, M%t) + A2Ldice (Mty M%t)] :

N
)
Binary cross-entropy loss provides pixel-wise supervision,
while Dice loss [24] promotes spatial overlap and mitigates
foreground-background imbalance.

4. Experiments

4.1. Experimental Settings

Training datasets. We train on Dynamic Replica [13],
HOI4D [21], MOSE [5], and YTVOS18-m [43, 46],
which jointly cover synthetic scenes, egocentric interac-
tions, crowded multi-object motion, and diverse object cat-
egories. During training, the four datasets are sampled with
probabilities 0.15, 0.35, 0.25, and 0.25, respectively.

Benchmarks and metrics. We evaluate our model us-
ing four popular moving object video segmentation bench-
marks: DAVIS2016 [30], DAVIS2017 [31], FBMS-59 [27],
and SegTrackV2 [18]. Following prior works [11, 43], we
evaluate region similarity (), contour similarity (F), and
their average (7 &F). For comparison with reconstruction-
based methods, we additionally report the sequence-level
mean IoU (Jy) and the percentage of frames with IoU
above 0.5 (Jr), following Easi3R [4].

Implementation details. We keep VGGT-Q2 [39] and
RAFT [34] frozen. The model takes 12-frame clips at a res-
olution of 512 x 512 and is trained for 40 epochs on a single
NVIDIA RTX A6000 GPU. We use AdamW [22] with an
initial learning rate of 5 x 1072 and set Ay = Ay = 1. To
improve temporal diversity, frames are randomly resampled
from each training video at every epoch.

4.2. Comparison with Prior Methods

4.2.1. Quantitative Comparison

Motion segmentation methods. We compare our method
with representative motion segmentation approaches under
two inference paradigms. Iterative methods include OCLR-
TTA [42], RoMo [7], and SegAnyMotion [11], which per-
form test-time adaptation, optimization, or iterative mask
propagation. Non-iterative baselines include CIS [48],
EM [23], RCF [20], OCLR-flow [42], ABR [43], and
FlowP-SAM [44]. We report region similarity 7, contour
accuracy F, and their average 7 &JF on DAVIS2016 [30],
DAVIS2017 [31], FBMS-59 [27], and SegTrackV2 [18].

As shown in Table 1, our method achieves the best
J&F scores on three of the four benchmarks. On
DAVIS2016 [30], it achieves a J&F score of 86.9, out-
performing the second-best SegAnyMotion by 1.8 points.
In particular, it achieves a J score of 87.3, exceeding the
strongest competing result by 3.1 points, while its F score
remains competitive with SegAnyMotion [11].

On DAVIS2017 [31], OmegaMotion achieves a J&F
score of 81.2, ranking second and trailing SegAnyMo-
tion [11] by only 1.7 points. Notably, this performance is
obtained through feed-forward prediction without iterative
test-time optimization. Its narrow gap in J score (81.8 ver-
sus 82.0) demonstrates its competitiveness in region local-
ization on this more challenging multi-object benchmark.



Table 1. Quantitative comparison with motion segmentation methods on four benchmarks. The best result in each column is shown
in bold, and the second best is underlined.

Method Iter. Trainable DAVIS2016 DAVIS2017 FBMS-59 SegTrackV2 Avg. | Run Time
Opt. Params. |J&F 1+ J1T F1|J&FT It FHI&FT It FH1IJ&FtT T+ F1|JT&F 1| per frame
OCLR-TTA [42] Yes 42.33M 78.8 80.7 769| 745 760 73.0] 69.1 699 683| 734 723 745| 74.0 1.3s
RoMo [7] Yes 74.37TM 757 773 74.1| 71.1 721 70.2| 744 755 733| 68.8 67.7 69.8| 725 8.45s
SegAnyMotion [11] Yes  3.44M 85.1 81.7 88.5| 829 82.0 84.8| 745 719 772| 640 61.6 664| 76.6 6.54s
CIS [48] No 18.92M 68.6 704 668| 658 67.6 640| 619 63.6 60.2| 63.5 620 65.1]| 65.0 0.26s
EM [23] No 497.67M | 70.0 694 70.6| 662 652 672| 57.0 579 56.0| 548 555 54.1| 62.0 1.32s

RCF-Stagel [20] No  39.48M 785 802 76.8| 752 76.7 73.8| 705 699 71.0| 76.1 767 755| 75.1 1.15s
OCLR-flow [42] No  20.66M 712 72.0 704 | 689 699 67.8| 652 655 649| 66.8 67.6 66.0| 68.0 0.22s

RCF-all [20] No 39.48M 80.7 82.1 79.2| 772 78.6 76.7| 738 724 752| 782 78.6 77.8| 7115 1.35s
ABR [43] No 19.55M 725 718 732| 748 746 75.1| 80.7 819 79.6| 772 76.6 77.8| 76.3 0.28s
FlowP-SAM [44] No 5.77M 83.1 84.2 82.0| 737 712 763| 720 71.7 72.3| 784 77.7 79.1| 76.8 0.45s

Ours No 27372M | 86.9 873 86.5| 812 81.8 80.7| 829 81.5 843| 79. 755 83.3| 82.6 0.22s

FlowP-SAM SegAnyMotion

Figure 5. Qualitative comparisons on multiple benchmarks. Competing methods include FlowP-SAM [44], ABR[43],
SegAnyMotion[11], and ours (OmegaMotion).

Our method performs particularly well on FBMS- OmegaMotion consistently ranks first or second, demon-
59 [27], achieving the best J&F score of 82.9, which sur- strating stronger cross-dataset generalization across diverse
passes ABR by 2.2 points. Although ABR obtains a slightly motion patterns, camera motion, and video resolutions.
higher J (81.9 versus 81.5), OmegaMotion improves JF
score by 4.7 points, resulting in a stronger overall balance Reconstruction-based methods. We further compare
between region and contour accuracy. On SegTrackV2 [18], our method with representative 3D/4D reconstruction ap-
our method also ranks first with a J&F score of 79.4 and proaches that derive dynamic masks from geometric estima-

achieves the highest F score of 83.3, exceeding the second- tion, including DUSt3R [40], MonST3R [50], DAS3R [45],
best result by 4.2 points. Its comparatively lower [J score of Easi3R [4], and VGGT4D [10]. Following the evaluation

75.5, however, suggests that complete region coverage re- protocol of Easi3R [4], we report mean IoU 7y and IoU

mains more challenging than boundary localization in some recall Jr before and after SAM?2 refinement.

low-resolution sequences. As shown in Table 2, it substantially outperforms all
No competing baseline maintains comparable perfor- reconstruction-based methods before SAM2 refinement.

mance across all datasets: SegAnyMotion [11] is strongest On DAVIS2016 [30], DAVIS2017 [31], and DAVIS-all, it
on DAVIS2017 [31] but degrades substantially on Seg- improves the best competing Jy; scores by 15.9, 19.3, and
TrackV2 [18], whereas ABR [43] performs well on FBMS- 19.3 points, respectively, with corresponding gains of 19.9,
59 [27] but is less competitive on DAVIS. In contrast, 24.4, and 24.5 points in Jr. These consistent margins



Table 2. Comparisons among reconstruction-based methods
on DAVIS benchmarks. The best result in each column is shown
in bold, and the second best is underlined.

Method Optical DAVIS2016 DAVIS2017 DAVIS-all
Flow |w/o SAM2 w/SAM2 |w/o SAM2 w/SAM2 |w/o SAM2 w/SAM2
IuT IRt It TR T IuT Tr T In T Tr 1| Imu T Ir T Iu T Ir T

DUSIt3R [40] 42.1 457 585 634352 353 48.7 502|359 340 47.6 487
MonST3R [50] 409 422 643 733|386 382 564 59.6|36.7 343 519 54.1
DAS3R [45] 41.6 39.0 542 55.8|435 42.1 574 61.3]404 393 539 54.8
Easi3Rpusisr [4] 53.1 604 679 71.4|49.0 564 60.1 653|445 49.6 547 60.6

Easi3RyonsTar [4]
VGGT4D [10]
Ours

57.7 71.6 707 799|565 68.6 679 76.1|53.0 634 63.1 726
603 745 - - |538 612 - - |492 532 - -
762 944 87.3 970|758 93.0 818 90.3|72.3 879 77.8 86.8

N % % %X %X NN

show that directly learning motion-oriented representations
is more effective for dynamic-region segmentation than de-
riving masks indirectly from reconstruction consistency.

SAM?2 further improves the region-level segmentation
quality of OmegaMotion predictions. After refinement,
OmegaMotion achieves [Jy1 scores of 87.3, 81.8, and 77.8
on DAVIS2016 [30], DAVIS2017 [31], and DAVIS-all,
respectively, outperforming the best reconstruction-based
baseline on each benchmark by 16.6, 13.9, and 14.7 points.
Importantly, the substantial margins already observed be-
fore refinement confirm that the gains do not originate
solely from SAM2; instead, SAM2 further enhances masks
that are already considerably more accurate than those pro-
duced by reconstruction-oriented approaches.

4.2.2. Qualitative comparison

Figure 5 presents qualitative comparisons on representa-
tive DAVIS sequences. Compared with FlowP-SAM [44],
SegAnyMotion [11], and ABR [43], our method generally
produces more complete object masks while suppressing
background responses caused by camera motion and par-
allax. The improvements are particularly visible around ar-
ticulated structures and object boundaries, consistent with
the quantitative gains in boundary accuracy measured by
F. These examples illustrate how explicit displacement and
multi-level geometric context complement each other when
local motion cues alone are ambiguous.

4.2.3. Accuracy-efficiency trade-off

Figure | further compares segmentation accuracy and in-
ference speed. OmegaMotion processes videos at 0.22 sec-
onds per frame while achieving a J&F score of 86.9 on
DAVIS2016 [30]. It is over 20x faster than both SegAny-
Motion [11] and RoMo [7], while obtaining higher accu-
racy on this benchmark. These results show that the feed-
forward architecture avoids the substantial overhead of iter-
ative optimization without sacrificing segmentation quality.

4.3. Ablation Study

4.3.1. Contribution of Fusion component

We conduct component ablations on DAVIS2017 [31] to
evaluate the contributions of multi-layer geometry, camera-
aware context, optical flow, and confidence-aware depth. As

Table 3. Component ablation on DAVIS2017. The baseline uses
the final two features, while Geo denotes the selected multi-layer
VGGT-() features. Cam, Flow, and Depth denote camera-aware,
optical-flow, and confidence-aware depth cues, respectively. All
settings share the same training and inference protocol.

Configuration Geo Cam Flow Depth J&F 1
Baseline - - - 71.2
Geo v - - - 76.2
Geo + Cam v v - - 78.4
Geo + Flow v - v - 80.0
Geo + Depth v - - v 76.8
Geo + Cam + Depth v/ v - v 79.5
Geo + Flow + Depth v/ - v v 80.2
Geo + Cam + Flow v v v - 80.4
Ours v v v v 81.2

Table 4. Effect of training-data diversity. Datasets are added cu-
mulatively from top to bottom. #D denotes the number of training
datasets.

DAVIS2016 DAVIS2017
Jt Ft Jt Ft

Training datasets #D

Dynamic Replica [13] 1 723 69.8 68.6 66.4

+ HOI4D [21] 2 865 854 780 715

+ MOSE [5] 3 866 858 781 716
4

+ YTVOS18-m [46] 87.3 865 818 80.7

shown in Table 3, replacing the final-stage baseline repre-
sentation with the selected multi-layer geometric features
improves the 7 &F score from 71.2 to 76.2, yielding a sub-
stantial gain of 5.0 points. This result validates the bene-
fit of aggregating geometric representations across network
depths rather than relying solely on the final stage.

Starting from the multi-layer Geo configuration, adding
Cam, Flow, and Depth individually improves performance
by 2.2, 3.8, and 0.6 points, respectively. Flow provides
the largest individual gain by supplying explicit local dis-
placement, while the improvement from Cam is consistent
with the importance of global camera-conditioned context
for interpreting image motion. Although Depth yields a
relatively modest standalone gain, it remains complemen-
tary to the other cues: removing Cam, Flow, or Depth from
the complete model decreases performance by 1.0, 1.7, and
0.8 points, respectively. Integrating all four components
achieves the best result of 81.2, demonstrating that hierar-
chical geometry, camera context, depth, and optical flow
provide complementary information for motion segmenta-
tion.

4.3.2. Contribution of Data Scale

We analyze how the composition and diversity of the train-
ing data affect the model performance by cumulatively
adding HOI4D [21], MOSE [5], and YTVOS18-m [46] to
the Dynamic Replica baseline. As shown in Table 4, incor-
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Linear CKA

MOSE YTVOS18-m

Figure 6. Layer-wise analysis of frozen VGGT-() representations. Pairwise linear CKA across DynamicReplica, HOI4D, MOSE, and
YTVIS shows consistent block-wise similarity patterns, revealing distinct early-, middle-, and late-stage representation regimes.

porating HOI4D [21] produces the greatest improvement,
increasing the J and F scores by 14.2 and 15.6 points, re-
spectively, on DAVIS2016 [30], and by 9.4/11.1 points, re-
spectively, on DAVIS2017 [31]. Since Dynamic Replica
contains synthetic scenes whereas HOI4D [21] provides
real-world interactions, this substantial gain suggests that
diversity in real-world appearance and motion is important
for bridging the synthetic-to-real domain gap.

Adding MOSE [5] produces modest but consistent im-
provements across both benchmarks. The subsequent in-
clusion of YTVOS18-m [46] provides a more pronounced
gain on DAVIS2017 [31], improving J and F by 3.7 and
3.1 points, respectively, while further improving both met-
rics on DAVIS2016 [30] by 0.7 points. Training on all four
datasets yields the best performance, with 7 and F scores
of 87.3 and 86.5, respectively, on DAVIS2016 [30], and
81.8 and 80.7, respectively, on DAVIS2017 [31]. These re-
sults show that OmegaMotion benefits from combining syn-
thetic scenes with diverse real-world motion and object ap-
pearances, leading to stronger generalization across bench-
marks.

4.3.3. Multi-layer Feature Analysis

We analyze the layer-wise representations of the frozen
VGGT-2 backbone using pairwise linear centered ker-
nel alignment (CKA) [16]. To examine whether the
observed representation structure is dataset-specific, we
independently compute CKA on DynamicReplica [13],
HOI4D [21], MOSE [5], and YTVOS18-m [46] datasets.

As shown in Figure 6, all four datasets exhibit a con-
sistent structure of stage similarity. Representations within
the early and late stages are highly correlated, while the in-
termediate layers form a transition regime between them.
In contrast, similarity decreases substantially across differ-
ent stages, indicating that distant network depths encode
less redundant representations. The consistency of this pat-
tern across datasets suggests that layer-wise organization is
an intrinsic property of the frozen backbone rather than a
dataset-specific phenomenon.

These observations motivate sparse feature aggregation
across network depth. Densely sampling neighboring layers
would introduce substantial representational redundancy,
whereas selecting features from different CKA regimes
provides more complementary information under a lim-
ited computational budget. Accordingly, we select Inter-0,
Inter-3, Inter-10, Inter-15, Frame-23, and Inter-23 to span
early, intermediate, and late representations while retaining
the final frame-wise and inter-frame outputs. This selection
is guided by the observed layer-wise representation struc-
ture rather than exhaustively optimized.

5. Conclusion

We presented OmegaMotion, a feed-forward framework
that repurposes a frozen 3D foundation model for category-
agnostic video motion segmentation. By unifying multi-
layer VGGT-{2 representations, camera and register tokens,
confidence-aware depth, and bidirectional optical flow,
OmegaMotion effectively disentangles independent object
dynamics from camera ego-motion and depth-dependent
parallax without iterative test-time optimization. Exten-
sive evaluations across four standard benchmarks demon-
strate OmegaMotion achieves state-of-the-art segmentation
accuracy while operating 20x faster than iterative meth-
ods. Furthermore, OmegaMotion substantially outperforms
reconstruction-based approaches before and after SAM2 re-
finement, showing that its gains originate primarily from the
learned motion-oriented representation. Component abla-
tions confirm the complementary contributions of the four
feature streams, while layer-wise CKA analyses support
sparse feature aggregation across network depths.

Limitations. Despite strong feed-forward performance,
OmegaMotion currently relies on off-the-shelf optical flow
estimation and an external SAM2 module for boundary re-
finement. Future work will focus on efficient motion cues,
adaptive layer selection, and end-to-end boundary refine-
ment to further improve robustness and reduce reliance on
external modules.
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