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Robust Multimodal Dynamic Object Segmentation
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Abstract— Dynamic object segmentation plays a critical role
in many visual applications such as static scene reconstruction
from dynamic videos. However, existing optical flow-based
methods fail to ensure consistent static/dynamic segmentation
along object boundaries, while 3D reconstruction-based ap-
proaches are highly sensitive to reconstruction errors. To ad-
dress these limitations, we present a dynamic object segmenta-
tion framework that can generate both precise and complete dy-
namic masks by integrating multimodal cues including 2D point
tracks, 3D reconstruction, and semantic information. We design
a network combining Transformer architectures with feature
clustering aggregation modules to perform static/dynamic clas-
sification of multimodal feature trajectories. It enables the
model to adaptively determine which type of feature should
dominate based on the characteristics of each scene, while
also mitigating the impact of feature degradation. Additionally,
we introduce a novel point-query-based SAM post-processing
method capable of handling multiple objects within a single
mask. Extensive experiments demonstrate that our approach
achieves state-of-the-art performance in both dynamic object
segmentation and static scene reconstruction tasks.

I. INTRODUCTION

Dynamic object segmentation is essential in various do-
mains including autonomous robotics, AR/VR, and video
understanding [1]-[4]. This technique plays a crucial role
in reconstructing static scenes from dynamic videos, as it
enables the automatic filtering of moving objects while re-
taining static scene elements essential for 3D reconstruction.
However, in real-world settings, due to complex object and
camera motion patterns, environmental interferences, and
variations in the scale of dynamic objects, dynamic object
segmentation remains a challenging task.

Current work on dynamic object segmentation can be
categorized into two paradigms: 2D optical flow based ap-
proaches and 3D-reconstruction-based techniques. 2D-based
methods [5]-[8] typically estimate the optical flow from
dynamic video sequences and perform static/dynamic clas-
sification at the pixel level. 3D reconstruction-based meth-
ods [9]-[11] first estimate depth maps or 3D point clouds
from dynamic scenes, and subsequently derive dynamic
masks through post-processing. The ViT architectures used
in these methods can inherently capture semantic informa-
tion, improving mask-object boundary alignment.

In order to generate both precise and complete dynamic
object masks, relying solely on a single modality cue is often
insufficient. For example, 2D optical flow or point tracking
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Fig. 1. Overview. Given a dynamic video containing several image frames,
Our method leverages 2D point tracking, 3D reconstruction, and semantic
priors as inputs, to accomplish the tasks of dynamic object segmentation
and static scene reconstruction from dynamic videos.

directly reflects pixel-level movements that are intrinsically
correlated with object motions. However, their pixel-wise
nature fails to ensure consistent static/dynamic segmentation
within object boundaries, and the lack of higher-dimensional
information prevents the decoupling of camera and object
motions. 3D reconstruction provides approximate camera
poses and 3D point map distributions, offering higher-
dimensional perspective information for dynamic object
segmentation. Nevertheless, its dynamic masks are highly
sensitive to errors in depth estimation and 3D point map
generation. Additionally, dynamic objects frequently violate
epipolar constraints, leading to particularly unreliable 3D
estimations for moving targets in certain scenarios. Semantic
information serves as a valuable reference for maintaining
segmentation consistency within objects. Current state-of-
the-art methods often require SAM-based post-processing.
However, they typically feed the entire mask as a single
query to SAM, assuming all masked pixels belong to a single
object, which is not always the case in real-world scenarios.

To address the limitation of single-modal cues, in this
paper, we design a unified network through the integration
of optical flow, 3D reconstruction, and semantic information.
Our approach takes semantic feature maps from SAM, 3D
reconstruction results including depth maps, camera intrin-
sic/extrinsic parameters, and attention maps from MonST3R
and 2D point tracks between multiviews as input, using
feature trajectory classification paradigm to perform dynamic
object segmentation, which includes a Transformer for multi-
frame and multi-track information integration and a point-
based aggregation network for feature clustering. To enhance
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mask quality in multi-object scenarios, we develop a SAM-
enhanced post-processing technique that utilizes individual
pixels rather than entire masks as SAM queries and itera-
tively refines initial masks. Experimental results demonstrate
state-of-the-art performance in dynamic object segmentation.
Furthermore, to validate the effectiveness of our method, we
combine mask generation, pose estimation, and 3D Gaussian
Splatting (3DGS) reconstruction to perform static scene
reconstruction from dynamic videos. Experiments show su-
perior performance compared to existing SOTA methods.
In summary, the main contributions of this paper include:

o We propose a dynamic object segmentation framework
that integrates multimodal cues, including 2D point
tracking, 3D reconstruction, and semantic information
to achieve superior segmentation performance.

o We introduce a SAM-based post-processing methodol-
ogy to address complex real-world dynamic scenarios
involving multiple moving objects, significantly improv-
ing mask-based post-processing approaches.

e« We conduct extensive validations demonstrating the
state-of-the-art performance of the proposed method
across multiple benchmarks in both the accuracy of mo-
tion masks and the quality of static scene reconstruction.

II. RELATED WORK

Dynamic object segmentation focuses on predicting mo-
tion masks from video inputs. Traditional structure-from-
motion methods, such as COLMAP, operate under the as-
sumption that scenes are predominantly static, making them
ineffective for videos containing dynamic objects. Alterna-
tive approaches [12]-[14] prioritize tracking and semanti-
cally segmenting dynamic objects but often rely on assump-
tions, such as distinguishing foreground object motion from
a static background or pre-identifying mobile objects. These
constraints limit their general applicability.

Classical methods typically employ optical flow esti-
mation [7], [15], [16] and point tracking [17], [18] to
separate moving objects from the background. To address
these challenges, CasualSAM [19] jointly optimizes depth
(using a pre-trained learned prior), camera poses, and motion
masks. ParticleSfM [5] utilizes off-the-shelf optical flow and
monocular depth estimators to create 3D tracks and trains
a 3D motion classifier on synthetic data. Similarly, LEAP-
VO [6] classifies tracks into static and dynamic components,
enhances inputs with additional features, employs a refiner
module, and uses a sliding window approach for global
bundle adjustment to estimate camera poses. RoMo [20]
incorporates unreliable epipolar geometry through Sampson
error [21] and SAMv2 [22]. However, as these methods are
trained exclusively on 2D data, they often struggle with
issues such as imprecise optical flow, occlusions, and dis-
tinguishing object motion from camera motion, particularly
in scenarios with faulty correspondences.

For point-map-based methods, DUSt3R [23] introduces
a novel pose inference technique using a patch-based
feed-forward network to predict global 3D coordinates.

MonST3R [9] fine-tunes DUSt3R for dynamic scenes, in-
tegrating optical flow [24] with estimated pose and depth
to achieve dynamic object segmentation. Building on this,
DAS3R [11] trains a DPT [25] on top of MonST3R to en-
able feed-forward segmentation estimation. While effective,
these approaches heavily rely on accurate pose and depth
estimation to maintain reprojection consistency and require
extensive training on diverse motion patterns to achieve
robust generalization. Easi3R exploits attention layers from
pre-trained MonST3R models to extract dynamic segmenta-
tion, it still cannot generalize to situations where MonST3R
performs poorly, and fails to recover mask details without
SAM-based post-processing due to the low resolution of
attention maps.

III. DYNAMIC OBJECT SEGMENTATION WITH
MULTIMODAL CUES

Given a dynamic video clip containing N frames {I;} |,
our goal is to estimate dynamic masks {M;}Y; for each
frame. Fig. 2 illustrates the overall system architecture. The
primary components include multimodal feature extraction,
dynamic mask estimation, and SAM-based post-processing.
In the following, we will explain these modules in detail.

A. Multimodal Features Extraction

The framework effectively integrates 2D tracking, 3D
reconstruction, and semantic information to achieve accurate
dynamic mask predictions.

For 3D reconstruction, we employ MonST3R [9], which
processes the entire video clip using its ViT architecture
with global alignment to generate per-frame depth maps
{D;}} |, camera intrinsic parameters {K;}¥ ;, and camera
extrinsic parameters {P;|R;,¢;}X ;. Building upon insights
from Easi3R [10] that the attention maps from the ViT de-
coder contain valuable information for identifying dynamic
objects, we also compute and aggregate per-frame attention
maps {A;}}Y . These features are then used in the feature
trajectory construction process.

By extracting the self-attention maps and cross-attention
maps from the ViT decoder layer, through averaging op-
erations performed along query and layer dimensions, the
corresponding attention maps are obtained for each image
pair. Subsequently, we compute the mean and variance of
attention maps across these pairs, and concatenate the results
to generate the final attention map.

For semantic information, we utilize SAMv2 [22] to
extract per-frame semantic feature maps {F;}¥ ;. For 2D
tracking information, we sample 200 x 200 2D points from
the first video frame and use them as queries into Co-
Tracker [26] to obtain 2D tracking results {z¥}Y, for each
pixel k.

B. Dynamic Mask Estimation

The multimodal features extracted in the preceding section
are first converted into feature trajectories, which are then
fed into the main model to classify each trajectory. These
results are subsequently transformed into coarse dynamic
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Overall Architecture. Given a video clip with NV frames, we first employ MonST3R [9] to perform coarse 3D reconstruction of the dynamic

scene, obtaining depth information, camera parameters, and attention maps. Simultaneously, we use CoTracker [26] to densely sample 2D points on the
images and obtain their motion trajectories across frames. These 2D point trajectories are then associated with corresponding 3D reconstruction features and
semantic features are extracted from SAM [22] feature maps. These combined features are fed into our network consisting of a Transformer module and
two aggregation networks. This network ultimately outputs static/dynamic classification results for each feature trajectory. To obtain the final high-quality
dynamic masks, we apply our proposed SAM-based post-processing method to refine the initial dynamic masks.

masks using image dilation and refined by the SAM point-
query-based iterative strategy.

1) Formulate Features Trajectories: We first convert input
features into point-based trajectories, as this representation is
more general and effectively captures information across the
entire image sequence compared to two-frame flow models.
For the k-th track {zF} |, we obtain per-frame depth values
{d¥} X | and attention values {a¥}¥ ; through interpolation,
we then compute pixel position offsets Az¥ and depth
offsets Ad¥ between consecutive frames. Incorporating offset
information provides a better representation of the changes
between frames. Additionally, pixel position, depth, and
offset are highly decoupled from the image content, which
enhances the generalization capability of our method.

d¥, a¥ = Interpolation(D;, A;)
Ad? = dfﬂ - d?

(D
2

Moreover, we employ camera parameters, including
the focal length f; (fF, f}) derived from intrinsic
{K;}¥ , and extrinsics { P;}¥ ;. The transformation matrices
{AP,|AR;, At;} Y | between adjacent frames are also com-
puted. Although camera information is inherently embedded
in optical flow and depth, we find that explicitly providing
these features as input improves performance, since this
simplifies the learning difficulty for the model and enables
more direct and effective utilization of camera motion.

The aforementioned features, such as 2D optical flow,
depth, and camera poses, primarily describe the relationships
of individual trajectories across images but fail to capture

k_ .k k
Axy = x| — a7,

the consistency across multiple trajectories. Ignoring this
consistency may lead to incomplete dynamic object segmen-
tation. To address this limitation, we incorporate semantic
features ¥ obtained by interpolating the semantic feature
maps. By combining coarse-grained attention features with
fine-grained semantic features, our method achieves more
accurate and complete dynamic masks. The final feature
trajectories are formulated as follows, where || means con-
catenation,

Fk

traj —

3)
“4)

2) Trajectory Classification: The semantic features of
pixels belonging to the same object exhibit similar charac-
teristics. To better capture pixel-wise relationships, we first
utilize a point-based module P, to process and cluster
semantic features F% . This module clusters multiple fea-
ture trajectories using differentiable pooling operations and
employs CNNs to facilitate interaction, thereby capturing
global information in each cluster. The global information
then aggregates with each local features in the cluster through
unpooling operations to obtain the local-global context-
aware features Ffém This aggregation network unifies sim-
ilar semantic features through feature clustering, providing
meaningful semantic priors for subsequent processing.

Next, we concatenate F, . with FX  and input them
into a Transformer encoder to enable interaction in each
trajectory and among all trajectories. These two types of

(@F || A || d¥ || Ad¥ || F || a®)
FE_ =

sem

Sample({F;}],)
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features are processed separately because Ffraj primarily
describes geometric propertles with minimal correlation to
image content, whereas Ffem encodes texture attributes that
are closely tied to image content.

Then, the refined features are fed into an aggregation
network @ acting as the decoder, where they are further
clustered and fused. This process generates motion confi-
dence scores for each trajectory, with the final classification
determined via a sigmoid function. The entire procedure can

be formally expressed as:
b= Slngld (q) (Ft]iaj || (qum (F%kz;m))) (5)
During training, ground truth labels mgt are sampled from
the ground truth dynamic mask of the first frame based on

the 2D tracks 2%, and the cross-entropy loss is then computed
as follows,

L= Z log k-

Since the 2D tracks are sampled on a grid, during in-
ference, after obtaining the motion confidence scores of
trajectories, we apply a dilation operation to generate coarse
dynamic masks.

(1- mgt) log(1 — mk) (6)

C. SAM-based Post-processing

Recent dynamic segmentation methods [9]-[11] typically
employ SAMv2 [22] to refine coarse dynamic masks. These
approaches commonly input the entire mask as a query with
a single object ID into SAMvV2 to generate the final motion
masks, which inherently assumes that all masked regions
belong to the same object. However, this assumption is
often violated in real-world scenarios with multiple dynamic
objects, leading to incomplete or even entirely incorrect
results.

Inspired by [27], we propose a point-query-based iterative
SAM refinement strategy capable of handling multiple dy-
namic objects in a scene. The detailed procedure is outlined
in Algorithm 1. Specifically, we first collect all pixels labeled
as dynamic in the coarse mask M ,arse to form the dynamic
pixel set Xgy,. Then, we randomly sample an individual
pixel z as a point query for SAM. The resulting SAM-
generated mask M, is then evaluated based on its overlap
ratio with M oarse. If this ratio exceeds a predefined threshold
£ and the number of pixels in M, meets the minimum
requirement vy, we retain M, in the final output Mgay and
remove all its constituent pixels from Xgy,. Otherwise, the
sampled query pixel is eliminated from Xgy,. This iterative
sampling continues until X4y, is empty, after which the
union of Mgan and Mcoarse 1S taken as the final dynamic
mask M.

IV. APPLICATION TO 3D SCENE RECONSTRUCTION
FROM DYNAMIC VIDEOS

To demonstrate the effectiveness of the proposed mul-
timodal dynamic object segmentation, we apply it to the
problem of static 3D scene reconstruction from dynamic
videos. In this problem, the input video is first converted
into multiple video clips of length N using a sliding window

Algorithm 1: SAM-based Post-processing
Data: RGB Image I, Coarse Mask M qarse,
Overlapped Threshold /3, Size Threshold ~y
Result: Refined Final Dynamic Mask M
SAMSetImage(]);
Xdayn  GetPixels(Mcoarse);
MSAM < ZerOS(Mcoarse);
while Size(X4yn) # 0 do
z < RandomSample(Xgyy);
M, < SAMPointQuery(z);
if SumAll(M,) > ~ then
Movcrlap — Intersection(Mz, Mcoarsc)'
7 = SumAIl(Moverlap) + SumAll(M,,) ;
if > [ then
Mgam < Union(Msan, Mz);
Xoverlap < GetPixels(Moverlap);
Xdyn + RemovePixels(Xayn, Xoverlap);

else X4y, < RemovePixels(Xqyn, T);

B else X3, < RemovePixels(Xqyn, 7);
M Union(MSAM’ Mcoarse)

approach. Each clip is then processed through a feature
fusion network to obtain dynamic masks through feature
extraction, trajectory classification and SAM-based post-
processing. These dynamic masks are subsequently used to
guide staticness-aware 3DGS reconstruction by filtering dy-
namic elements through static scene attributes. The rendering
formulation of staticness-aware 3DGS is defined as follows,

i—1
c= Zcisioz; H(l — s;505) @)
i j=1

1
5(»‘” — i) "5 (2 — ) ®)

ol = a; exp(—

where p;, X, ¢;, S;i, «; represents the position, covariance
matrix, color, staticness, and opacity of the ¢-th 3DGS. The
technical details of the 3DGS implementation follow the
methodology described in DAS3R [11].

V. EXPERIMENTAL RESULTS

To validate the proposed method, we conduct extensive
experiments on both synthetic and real-world data.

Datasets. We evaluate our approach on the following three
datasets that are widely used in the literature:

o PointOdyssey [28] is a synthetic dataset comprising 131
diverse indoor and outdoor scenes, with approximately
200k images. It includes dynamic objects, camera mo-
tion, and provides labels for camera poses and depth,
making it well-suited for motion segmentation tasks.

o DAVIS2017 [29] consists of 90 videos featuring moving
objects and cameras, which is relatively closer to the
video sequences captured by robot cameras in the
real world. Compared to its predecessor, DAVIS2016,
this dataset introduces greater complexity by including
multiple annotated objects per video, as well as more
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challenging scenarios involving distractors, occlusions,
smaller objects, and intricate structures.

« Sintel [30] is a synthetic dataset containing 23 se-
quences, renowned for its dynamic complexity. It
presents highly challenging scenes with detailed motion
patterns and interactions between dynamic and static
elements, making it a valuable resource for evaluating
motion segmentation methods.

Metrics. For dynamic object segmentation, we report
accuracy, loU, precision and recall metrics by comparing
the predicted and ground-truth masks. For static scene re-
construction from dynamic videos, we report the PSNR and
SSIM metrics by comparing the predicted and ground-truth
RGB images.

Baselines. We benchmark our approach against the
SOTA methods including the optical flow-based Parti-
cleStM (P-SfM) [5], end-to-end reconstruction based meth-
ods MonST3R [9] and Easi3R [10], and 3DGS-based
DAS3R [11]. We use the official open-source implemen-
tations of these methods to evaluate the quality of motion
masks. For reconstruction quality, we adopt the static back-
ground reconstruction with 3DGS in DAS3R and integrated
the motion masks produced by different methods into it for
comparison. For our methods, we use Ours to refer without
any post-processing, Ours(+SAM) to refer the proposed
point-query-based iterative SAM refinement strategy.

Implementation Details. We take video clips with N =
10 frames as input. In the main model, the Transformer
we use consists of two encoder layers and two decoder
layers, and the architecture of the aggregation networks
we used based on OANet [31] with modifications. For the
hyperparameters mentioned in the paper, we set a = 0.7,
B = 0.3, and v = 5. We use the AdamW optimizer with
a maximum learning rate of 0.001 and a batch size of 4
per GPU. The training stage is performed on 2x A100-80G
GPUs for 50 epochs with 1000 steps per epoch, using only
the training split of the PointOdyssey dataset.

A. Motion Mask Accuracy

TABLE I. Motion Mask Accuracy of PointOdyssey dataset. Acc for
accuracy, Pre for precision and Rec for recall in percentage.

Methods Acc (mean) | IoU (mean) | Pre (mean) | Rec (mean)
P-SfM 88.50 27.39 56.59 34.99
MonST3R 85.27 18.61 59.59 22.11
Easi3R 88.17 40.01 59.45 57.49
DAS3R 92.22 79.64
Ours 63.37 73.45 81.42
Ours(+SAM) 93.69 64.38 73.79

1) Comparison on PointOdyssey: Detailed comparison
results are shown in Tab. I. Except for ParticleSfM, all
other methods were trained on this dataset. Our approach
demonstrates superior performance in terms of accuracy and
recall. Compared to ParticleSfM, which primarily relies on
optical flow, and MonST3R, which mainly depends on depth
estimation, our method effectively integrates 2D and 3D
information, enabling it to better handle scenarios where

both objects and the camera are in motion. Additionally,
our approach remains robust even when one type of feature
degrades, ensuring consistent motion recognition results.

Easi3R, which extracts attention layer features from
MonST3R, suffers from accuracy limitations due to its de-
pendence on implicit reconstruction precision. Furthermore,
its lower resolution results in less accurate object contours. In
contrast, we leverage SAM to extract more explicit semantic
information and utilize feature clustering to achieve more
comprehensive identification of dynamic objects. Combined
with post-processing, our approach further enhances the
refinement of object contours.

DAS3R builds on MonST3R by adding a motion mask
head and training with pre-trained models using 3DGS. How-
ever, our method achieves superior results with significantly
fewer training steps, demonstrating greater efficiency and
effectiveness.

TABLE II. Motion Mask Accuracy of DAVIS2017 dataset. Acc for

accuracy, Pre for precision and Rec for recall in percentage.

Methods Acc (mean) | IoU (mean) | Pre (mean) | Rec (mean)
P-StM 90.21 37.21 58.87 53.65
MonST3R 87.77 41.57 58.45 50.47
Easi3R 88.64 50.69 61.25 78.03
DAS3R 86.96 44.83 48.79 83.01
Ours 92.89 53.67 59.72 86.76
Ours(+SAM)

2) Comparison on DAVIS: The comparison results of
DAVIS2017 are shown in Tab. II. DAVIS2017 is a dataset
composed of real-world scenes, where our method consis-
tently outperforms others across all metrics, demonstrating
excellent generalization capabilities. By converting absolute
information such as pixel positions, depth, and poses into rel-
ative representations like optical flow, scene flow, and camera
motion, and representing them using point trajectories, our
approach effectively reduces overfitting to specific scenes.
Qualitative visualizations of the motion masks are shown in
Fig. 3.

TABLE III. Motion Mask Accuracy of Sintel dataset. Acc for accuracy,
Pre for precision and Rec for recall in percentage.

Methods Acc (mean) | IoU (mean) | Pre (mean) | Rec (mean)
P-StM 79.55 27.10 59.69 31.76
MonST3R 72.97 30.18 53.34 34.57
Easi3R 80.96 37.51 62.98 48.44
DAS3R 81.06 53.36 58.17
Ours 87.33 46.04 65.99 57.11
Ours(+SAM) 67.97

3) Comparison on Sintel: The accuracy of motion mask
estimation is compared in Tab. III. On the Sintel dataset, the
performance of all methods is suboptimal. While DAS3R
achieves relatively high recall, its other metrics are notably
low, suggesting a trade-off between quality for quantity. In
contrast, our method demonstrates a more balanced perfor-
mance across metrics. The MPI Sintel dataset is character-
ized by simple camera movements, unrealistic appearances,
generally textureless scenes, and minimal 3D structure once
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Fig. 3. Visual Comparison of Dynamic Mask Prediction. We provide quantitative comparisons for dynamic mask prediction tasks. Our method produces

more precise and complete masks compared to other approaches.

Original RGB GT Mask

Ours (+SAM)

DAS3R Monst3R

Fig. 4. Visual Comparlson of Statlc Scene Reconstruction. We pr0v1de quantltanve compdrlsons for the tasks of static scene reconstruction from dynamic
videos using the DAVIS2017 dataset. Our method achieves more photorealistic novel view synthesis results compared to other methods, demonstrating its

effectiveness in dynamic object segmentation.

dynamic objects are removed. These factors make scene
reconstruction highly prone to failure. Moreover, the dataset
frequently contains images dominated by dynamic objects,
which presents significant challenges for dynamic object
segmentation.

B. Static Scene Reconstruction

TABLE IV. Static scene reconstruction quality of DAVIS2017 dataset.
The DAS3R split includes: blackswan, camel, car-shadow, dog,

horsejump-high, motocross-jump, parkour, soapbox

DAS3R split All

Methods | poNR SSIM | PSNR ~ SSIM

MonST3R | 27.19 0863 | 2688 0874

Easi3R 2014 0905 | 2753 0882

DAS3R 2840 0896 | 2728 0871
Ours(+SAM)

We follow the reconstruction pipeline of DAS3R to ob-

tain camera poses, depth, motion masks, and other relevant
information, which are then used as inputs to train a 3DGS
model for static scenes. Using the camera poses from the
training views, we render images without dynamic objects.
The DAVIS dataset provides ground-truth motion masks,
which we use as a baseline. To evaluate the quality of
static scene reconstruction, we compare the rendered images
obtained by training 3DGS with motion masks from other
methods against those rendered using ground truth motion
masks. Detailed quantitative comparison results are shown
in Tab. IV. Our method achieves highest PSNR and SSIM
on both the DAS3R split and all scenes of the DAVIS2017
dataset. We also provide qualitative comparisons in Fig. 4.
The rendered images generated by our method exhibit fewer
artifacts and more accurately capture and remove dynamic
objects. Furthermore, the background is rendered with high
clarity, indicating that the dynamic foreground and static
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Visual Comparison in the Ablation Study. We conduct ablation study on different feature combinations and processing strategies. Our full

Ours (Point-based) Mask-based

mask-based refinement strategy suffers from incomplete mask generation due to the assumption that dynamic pixels belong to a single object.

background have been precisely and effectively separated.

C. Ablation Study

TABLE V. Motion Mask Accuracy of DAVIS2017 dataset with different
feature combinations and processing strategy.

Features Acc Rec
Camera | Attention | Aggregation | SAM | mean | mean
X v v X 92.11 | 84.22
v X v X 87.67 | 68.20
v v X X 92.51 | 84.46
v v v X 92.89 | 86.76
v v v (4 94.01 | 93.14

We evaluate our method by testing different feature com-
binations on the motion mask accuracy, i.e., camera pose
embeddings, attention features similar to Easi3R, feature
aggregation modules and SAM refinements. Tab. V and
Fig. 5 report the results tested on DAVIS2017. Attention
features are directly extracted from MonST3R layers and
camera poses are further optimized by bundle adjustment
based on depths and confidences inferred from MonST3R.
Although pose information is inherently embedded in optical
flow and depth, explicitly providing poses as input features
to the model still proves beneficial. This simplifies the
learning process for the model and allows for more direct
and effective utilization of camera motion. After clustering
and aggregating the point track features with our aggregation
module, the model can adaptively identify which type of
feature should dominate based on the characteristics of each

scene, while also mitigating the impact of feature degrada-
tion, such as imprecise optical flow and depth estimation.
Moreover, SAM refinement can help the predicted mask
better aligned with the object boundaries, resulting in a
higher recall rate.

We also provide a comparison of different SAM refine-
ment strategies, as shown in Fig. 6. It is evident that without
SAM refinement, the predicted masks are incomplete, result-
ing in a lower recall rate. If the mask-based SAM refinement
is applied, due to the assumption that all masked pixels
belong to a single object, this strategy may not be suitable
for all cases in the real world, and the output predicted masks
may suffer from poor shapes.

D. Efficiency Analysis

We present the model sizes and inference time of our
method and baseline models in Tab. VI. Compared with
state-of-the-art (SOTA) methods, our approach features more
compact model size and shorter inference time. We also
provide the average inference times of the mask-based SAM
refinement strategy used in previous works and our point-
based refinement strategy. It is worth noting that the number
of loops in our method is directly determined by the number
of masked pixels in the coarse dynamic mask, therefore, the
inference time may vary depending on the input video clips.

VI. CONCLUSIONS AND FUTURE WORK

We propose a novel dynamic object segmentation frame-
work by unifying multimodal cues, including 2D point
tracks, 3D reconstruction results, and semantic features.
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TABLE VI. Model Efficiency Analysis.

Model Params (M) | Inference Time (s)
P-StM 0.5377 14.0724
MonST3R 571.171 87.0266
Easi3R 571.171 37.0712
DAS3R 611.868 27.5518
Ours 2.798 0.2833
Mask-based SAM Refine - 2.6565
Ours (Full Sequence) - 32.4399

This framework enables the model to adaptively determine
which type of feature should dominate based on the char-
acteristics of each scene, while also mitigating the impact
of feature degradation. Moreover, we introduce a novel
point-query-based SAM post-processing method capable of
handling multiple objects within a single mask. Extensive
experiments demonstrate the effectiveness of our model.
However, despite strong performance on various datasets,
our method occasionally encounters challenges in scenarios
where dynamic objects dominate the image. Addressing this
limitation through more diverse training data and enhanced
model refinements will be a key focus of our future work.
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