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Figure 1. We propose TRASE, a novel tracking-free 4D segmentation approach. TRASE achieves superior object segmentation from click
prompts and further supports interactive editing tasks such as object removal and text-prompt-based segmentation.

Abstract

Understanding dynamic 3D scenes is crucial for ex-
tended reality (XR) and autonomous driving. Incorporating
semantic information into 3D reconstruction enables holis-
tic scene representations, unlocking immersive and inter-
active applications. To this end, we introduce TRASE, a
novel tracking-free 4D segmentation method for dynamic
scene understanding. TRASE learns a 4D segmentation
feature field in a weakly-supervised manner, leveraging a
soft-mined contrastive learning objective guided by SAM
masks. The resulting feature space is semantically coher-
ent and well-separated, and final object-level segmenta-
tion is obtained via unsupervised clustering. This enables
fast editing, such as object removal, composition, and style
transfer, by directly manipulating the scene’s Gaussians.
We evaluate TRASE on five dynamic benchmarks, demon-
strating state-of-the-art segmentation performance from un-
seen viewpoints and its effectiveness across various inter-
active editing tasks. Our project page is available at:
https://yunjinli.github.io/project-sadg/

1. Introduction

Humans experience the world in motion, where objects per-
sist over time despite changes in pose, shape, and appear-
ance. Our ability to recognize objects remains stable, even
as we move and observe them from different vantage points.
This phenomenon suggests the existence of neural 3D rep-
resentations, which preserve semantic consistency across
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both space and time. Such representations are central for
applications in augmented reality, gaming, and autonomous
systems, where interactive manipulation of dynamic scenes
requires object-level segmentation that is spatio-temporally
consistent and efficient.

Neural Radiance Fields (NeRFs) [28] have significantly
advanced 3D reconstruction by enabling photorealistic
novel view synthesis, but their implicit nature makes them
computationally too expensive for real-time interaction.
Gaussian Splatting (3DGS) [18] has recently emerged as
a powerful alternative, achieving real-time rendering with
explicit and compact scene representations. Dynamic ex-
tensions of 3DGS [25, 45] allow faithful reconstruction of
moving scenes, but they lack built-in object segmentation
and rely purely on geometry and color. While several works
have integrated semantic information into static 3D Gaus-
sian representations [4, 46], they fail to handle motion, de-
formation, and viewpoint variation in dynamic scenes.

Only a handful of works have explored the unification of
semantics and dynamics in 3DGS [17, 22]. SA4D [17] in-
corporates segmentation into dynamic Gaussian splatting,
using video object trackers to match masks across views
similar to Gaussian Grouping [46]. However, approaches
using these trackers often suffer from identity switches,
causing inconsistent segmentation in multi-view settings -
particularly in the presence of occlusions, non-rigid defor-
mations, or rapid motion, as shown in Fig. 3. DGD [22]
addresses temporal consistency by distilling semantically-
aware features from foundation models like CLIP [38]
and DINOv2 [29], enabling tracking. Yet, these features
are high-dimensional, leading to significant computational
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Figure 2. Our pipeline. TRASE consists of two main components: dynamic geometry reconstruction (Sec. 3.1) and Gaussian feature
learning (Sec. 3.2). We adopt the approach from [45] to effectively learn dynamic 3D reconstruction. Given a 4D reconstruction, we
learn Gaussian features F ∈ RN×32 using a novel contrastive learning objective guided by SAM [20] masks. Once trained, we apply
clustering [9] directly to the learned features, enabling segmentation field rendering. Our representation supports various scene-editing
applications, including object segmentation via click/text prompts in our GUI, object removal, and scene composition.

overhead from both the large memory requirements and
slow training.

In this work, we present TRASE, a tracking-free seg-
mentation framework for dynamic scene understanding.
TRASE learns temporally consistent segmentation features
in a contrastive setting using only 2D binary masks. Un-
like prior contrastive segmentation methods [10, 11, 47],
which explicitly enforce cluster formation during training
and promote statistical consistency of features, TRASE ap-
plies contrastive learning directly at the pixel-pair level in a
fine-grained rendered feature space, deferring object clus-
tering to a final post-training step. This design enables
TRASE to learn a segmentation field with both high tempo-
ral consistency and sharp, well-defined object boundaries. It
also effectively mitigates common artifacts, such as floaters
and out-of-FoV errors, that frequently degrade prior con-
trastive learning approaches.

To the best of our knowledge, we are the first to introduce
a benchmark for segmentation in novel views of dynamic
scenes. While established datasets like DAVIS [1, 2, 30, 31]
and VOS [40, 43, 44] address dynamic video segmentation,
none evaluate segmentation quality in unseen viewpoints.
Moreover, our benchmark is significantly larger than the
evaluation protocol suggested in [22], as our test sequences
comprise single- and multi-view scenes and captures real-
world scenarios. Beyond achieving state-of-the-art segmen-
tation accuracy, TRASE is tailored for real-time interactive
scene editing. Our compact 32-dimensional feature space
requires minimal post-processing and integrates seamlessly
into object manipulation tasks such as style transfer, recol-
oring, composition, and removal.

Our contributions can be summarized as follows:
• We propose TRASE, a new approach for multi-view con-

sistent segmentation of dynamic scenes without tracking
labels. To achieve this, we design a novel contrastive

learning objective based on differentiable feature render-
ing and contrastive learning, ensuring segmentation sta-
bility across time and views.

• We offer a broad benchmark for segmentation in novel
views of dynamic scenes, which encompass a broad spec-
trum of camera setups and captured scenarios.

• We extensively evaluate our method on five dynamic
datasets and achieve state-of-the-art segmentation perfor-
mance in both single- and multi-view settings.

• We demonstrate the applicability of our feature space
to several scene editing tasks, including object removal,
style transfer, and scene composition.

2. Related Works

2.1. 3D Segmentation

In static scenes. With the emergence of various vi-
sion foundation models, such as Segment Anything Model
(SAM) [20], DINO [3], and DINOv2 [29], researchers
start to integrate the semantics from these foundation mod-
els into their reconstruction. SA3D [5] is the pioneering
method that extends 2D SAM masks across images into 3D
consistent object masks. GARField [19] introduces hierar-
chical grouping, leveraging the physical scales of 2D masks
to group objects of different sizes and represent scenes at
different granularity scales. Gaussian Grouping [46] first
proposes to utilize consistent object IDs generated by video
tracker DEVA [6] to render object IDs into camera views.
Concurrent work such as SAGA [4] utilizes the masks gen-
erated from SAM, combined with scales obtained from 3D
data inspired by GARField, to segment objects of various
sizes. GAGA [26] proposes a mask group identity assign-
ment technique using a 3D-aware memory bank to com-
pensate for inaccurate semantic labels and use group IDs as
pseudo-labels for identity encoding. Our model implicitly
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Figure 3. Example failure case of the DEVA video tracker [6],
where colors indicate different object IDs. Due to the inconsistent
visibility of the human torso, DEVA produces unreliable object
masks, leading to noisy class-agnostic segmentation and poor su-
pervision for dynamic Gaussian Grouping [46] (GG).

learns multi-view consistent semantic Gaussian features us-
ing our designed contrastive loss in a single training stage
without identity assignments.
In dynamic scenes. To the best of our knowledge, only
two prior works, SA4D [17], and DGD [22], address the
segmentation task in dynamic 3DGS. DGD extends the ras-
terization pipeline of 3DGS to be able to render the seman-
tic features of each Gaussian. The rendered Gaussian fea-
ture map is then trained with the supervision of DINOv2
[29] or CLIP [32] to mimic the output from their feature
extractors. The drawbacks of such supervision are longer
training times and bigger 3DGS models, as the dimensions
of the features generated by DINOv2 and CLIP are quite
large (384 and 512), and the Gaussian features are also
stored. Following the identity encoding concept from Gaus-
sian Grouping and its derivatives [8, 26], SA4D introduces
a temporal identity feature field. As the method relies on
consistent object IDs for supervision, it is sensitive to tem-
poral tracking inaccuracies due to occlusion or fast mo-
tion. A concurrent work, Split4D [15], follows several pro-
posed design choices, including single-frame supervision
and a contrastive learning objective, and utilizes a recent
4D reconstruction model to achieve 4D segmentation. Our
TRASE does not rely on tracking labels and effectively han-
dles single- and multi-view data with fast rendering times,
minimal post-processing, and low memory footprint.

2.2. Contrastive Learning for 3D Segmentation

A number of recent works define multi-view 3D segmenta-
tion as a contrastive learning objective. Contrastive Gaus-
sian Clustering (CGC) [10] training aims to maximize intra-
cluster similarity in the 2D rendered feature space by en-
forcing the feature’s proximity with its corresponding clus-
ter’s mean feature and ensuring its spatial consistency. Om-

niSeg3D [47] follows a similar CGC objective and super-
vises 3D point clustering using SAM-based image patches.
ContrastiveLift [11] proposes a slow-fast contrastive fusion
strategy, where a slow network aggregates global object-
level information while a fast network refines per-point fea-
tures. OpenGaussian [39] enforces intra-cluster similarity
and inter-cluster dissimilarity of rendered features and fur-
ther trains their discretized version. Split4D [15] utilizes
the same objective as [10] and additionally enforces the fea-
tures to align with DINOv2 [29] in the early training stage.
Our TRASE proposes a contrastive objective based on soft
sample mining of pixel pairs, which focuses on only imper-
fect features and allows us to learn the segmentation field
effectively in 4D. No costly distillation is required as we
supervise the training with binary 2D masks.

2.3. Scene Editing Applications

Learning a semantically aware latent space enables inter-
active scene editing at the object level. Existing radiance-
field editing methods are either restricted to single ob-
jects [14, 38] or rely on per-object scene decomposi-
tions [21, 42], which limit editing to a fixed set of in-
stances. Other approaches, such as DINO [29], distill fea-
tures into volumetric fields [37], but their implicit repre-
sentations require expensive re-rendering for consistency,
hindering real-time interaction. Gaussian-based methods
[18] alleviate NeRF runtime issues via explicit point-based
primitives: SAGA [46] enables local Gaussian editing, and
Feature3DGS [49] leverages 2D foundation models like
SAM [33] and LSeg [23] for promptable, language-guided
3D edits, yet all focus on static scenes. In contrast, our
method edits dynamic objects with temporally consistent
results and supports diverse tasks, including style transfer,
object removal, and composition [22]. While SA4D [17]
offers semantic scene editing, it requires prior object labels
and limited interaction. In contrast, our framework provides
a user-friendly graphical interface that supports simple text
prompts and mouse-based selection.

3. Method
In this section, we introduce our novel TRASE. As il-
lustrated in Fig. 2, the pipeline comprises two main
components: dynamic geometry reconstruction (Sec. 3.1)
and Gaussian feature learning (Sec. 3.2). We adopt the
Deformable-3DGS [45] pipeline to reconstruct the 4D
scene. Once the 4D reconstruction is learned, we freeze this
representation and proceed with Gaussian feature learning
using SAM [20] masks and our novel contrastive learning
objective in the rendered feature space.

3.1. Dynamic Geometry Reconstruction

We follow the approach proposed in [45] and describe
it briefly for completeness. Unlike Dynamic3DGS [25]



model, where the reconstruction is stored per frame, re-
sulting in high memory consumption, an MLP learns per-
Gaussian deformation (δxi, δri, δsi) with respect to the
static canonical space Gc, which is defined as Gc = {xi ∈
R3, ri ∈ R4, si ∈ R3, αi ∈ R, shi ∈ R3×(Dmax+1)2} for
i = 1, ..., N . xi is the center position of the i-th Gaus-
sian, ri is the quaternion representing the rotation, si is the
scaling vector, αi refers to the opacity, and shi is the Spher-
ical Harmonic Coefficients encoding the color information
(Dmax = 3) as per [45].

The resulting Gaussians Gt at timestamp t are defined as

Gt = {xi + δxi, ri + δri, si + δsi, αi, shi}i=1,...,N . (1)

Once Gt is obtained, we proceed with the standard ras-
terization pipeline [18] to render the image Ir. The color
loss Lcolor is computed with the ground truth image IGT as

Lcolor = (1− λ)L1(IGT, Ir) + λLD-SSIM(IGT, Ir), (2)

where λ refers to the weighting parameter for the structural
similarity loss term.

3.2. Gaussian Feature Learning

Summary. Our feature learning augments each 3D Gaus-
sian with a 32-dimensional feature vector, enabling seg-
mentation without explicit tracking labels. It is worth not-
ing that, in contrast to view-dependent spherical encoding,
our semantic feature vector is consistent across different
views and time. Thanks to differentiable feature render-
ing [49] and SAM [20] masks, we construct and explic-
itly enforce pixel-mask associations in the Gaussian feature
field. Our novel contrastive learning objective is designed
to be efficient by sub-sampling and effective by integrat-
ing SAM [20] masks. Using only 2D guidance and without
any object labels, Gaussians are trained to separate per-pixel
rendered features from different segments and align those
within the same segment. To achieve this, we design a soft-
mining objective. Unlike hard mining, which selects pairs
strictly by similarity, soft mining uses a relaxed, existential
rule that increases pixel coverage and makes training less
sensitive to noisy feature similarities. Finally, the learned
features are globally clustered, producing multi-view con-
sistent segmentation.
Our notation. A generated set of SAM masks MSAM com-
prise M ′ binary masks of a given image IGT, where each
mask M i corresponds to a different segment. With this,
we define the pixel-mask correspondence vector yi, which
captures information across all binary masks in MSAM for
a certain pixel coordinate (ui, vi). This vector is similar to a
one-hot encoding technique; however, there is no guarantee
that a pixel belongs to a single mask due to 2D segmentation
inaccuracies.

The similarities of pixel-mask vectors for a pair of pixels
(i, j) can be retrieved by computing the Gram matrix of

their stacked matrix Y ∈ {0, 1}Np×M ′
, where Np refers to

the number of sampled pixels. All entries of the resulting
Gram matrix are then bounded to either 0 (negative pair)
or 1 (positive pair) to form a mask-based correspondence
matrix C ∈ {0, 1}Np×Np among sampled pixels, formally
defined as

C(i, j) =

{
1, if yT

i · yj > 0

0, otherwise.
(3)

Analogous to the binary mask-based Gram matrix C,
we compute a feature-based matrix CF , capturing
the pairwise similarities between the rendered features
{IF (ui, vi)}i=1,...,Np

. Following common practices [4],
we consider a smooth version of Gaussian features, as it
is more robust than considering individual features, which
might have high similarity scores corresponding to unre-
lated objects. The smooth Gaussian feature is computed as
the mean feature of its K nearest neighbors [7] based on the
Gaussian’s 3D position.
Our learning objective. To robustly learn multi-view co-
herent feature embeddings, we adopt a soft-mined con-
trastive learning objective. Unlike standard hard mining,
which selects positive or negative pairs strictly based on
their individual similarity values, soft mining employs an
existential criterion: a positive pixel pair (i,j) is considered
into final positive loss computation Lpos if there exists any
positive pair involving i whose similarity falls below the
positive threshold τp. Similarly, a pair is included in the
negative loss if there exists any negative pair involving i
whose similarity exceeds the negative threshold τn. By de-
sign, the soft-mined strategy broadens pixel coverage dur-
ing training, in contrast to naive hard sampling that typically
concentrates on a sparse set of imperfect pixel pairs and
leaves many pairs untrained. We further restrict the selec-
tion to non-redundant pairs by considering only the upper-
triangular portion of the matrices (i < j). Formally, the
soft-mined masks are defined as

M+
ij =

(
∃k : Cik = 1 ∧CF ,ik < τp

)
∧ (i < j), (4)

M−
ij =

(
∃k : Cik = 0 ∧CF ,ik > τn

)
∧ (i < j). (5)

The positive and negative losses are then computed as
weighted sums over these masks:

Lpos = − 1

Z

∑
i,j

M+
ij W ij CF ,ij , (6)

Lneg =
1

Z

∑
i,j

M−
ij W ij ReLU(CF ,ij), (7)

where Z is a normalization factor (e.g., the total number of
pixel pairs), W ∈ RNp×Np is a pixel-weight matrix similar
to [4], and ReLU(·) ensures that only positive contributions



NeRF-DS-Mask HyperNeRF-Mask Neu3D-Mask Immersive-Mask Technicolor-Mask
Method mIoU↑ mAcc↑ mIoU↑ mAcc↑ mIoU↑ mAcc↑ mIoU↑ mAcc↑ mIoU↑ mAcc↑
GG [46] 0.8351 0.9729 0.8341 0.9771 0.8864* 0.9932* 0.7673* 0.9776* 0.7979* 0.9800*

SAGA [4] 0.8072 0.9644 0.7660 0.9579 0.6941 0.9516 0.7395 0.9747 0.7913 0.9792
DGD [22] 0.7125 0.9551 0.8297 0.9777 0.7721 0.9851 0.7981 0.9850 0.7791 0.9728
SA4D [17] 0.6740 0.9360 0.7371 0.9616 0.8832* 0.9391* 0.7987* 0.9835* 0.8271* 0.9734*
CGC [35] 0.8100 0.9718 0.8157 0.9768 0.8754 0.9927 0.8856 0.9925 0.8806 0.9812

OpenGaussian [39] 0.6939 0.9564 0.6311 0.9411 0.8178 0.9899 0.7120 0.9793 0.8390 0.9694
TRASE (Ours) 0.8768 0.9831 0.8663 0.9845 0.9022 0.9945 0.9234 0.9945 0.9308 0.9917

Table 1. Segmentation accuracy of 4D segmentation methods on our benchmark. TRASE outperforms the baselines on average mIoU and
mAcc. The quantitative results for each sequence can be found in the supplementary. *: GG and SA4D need consistent object IDs from a
video tracker for supervision [6]. To evaluate on the multi-view camera dataset, we train models on a camera closest to the test view.

are considered for negative pairs. The final loss is then de-
fined in Eq. (8) with an extra regularization term to stabilize
the feature learning.

L = Lpos + Lneg + Lreg, (8)

Lreg =

(
1− 1

HW

HW∑
i=1

∥IF (ui, vi)∥2

)2

(9)

Inference. To enable interactive applications with the
learned 4D representation, we deploy DBSCAN algorithm
[9] to cluster the Gaussian features into several groups and
generate the so-called Gaussian clusters. In contrast to the
K-Means algorithm [24, 27], it does not require any prior
knowledge of the number of clusters in a scene. As can be
seen in Fig. 2, clusters represent distinct objects, which ver-
ifies accurate alignment of our learned feature space with
the object-level semantic field.

We further observe that the object boundaries can be ef-
fectively refined by applying a simple similarity threshold,
which prunes Gaussians with features that are less similar
to the corresponding cluster’s mean. This simple technique
enhances the method’s performance in challenging segmen-
tation scenarios, such as those involving occlusions and af-
fected by sparse observations.

4. Experimental Results

We first provide details of our proposed 4D segmentation
benchmark in Sec. 4.1 and outline the evaluation protocol
in Sec. 4.2 . We present segmentation results of our model,
along with both quantitative and qualitative comparisons to
other related works [4, 22, 46] in Sec. 4.3. Last but not
least, we demonstrate the capabilities of our learned seman-
tic representation on a number of downstream tasks, includ-
ing scene editing and selection via our designed graphical
user interface (Sec. 6). Please refer to the supplementary
material for implementation details.

4.1. 4D Segmentation Benchmark

We manually annotate dynamic sequences of ex-
isting novel-view synthesis datasets and present
their segmentation-aware versions: NeRF-DS-Mask,
HyperNeRF-Mask, Neu3D-Mask, Immersive-Mask, and
Technicolor-Mask. Utilizing the powerful SAM2 model
[33], which provides consistent object masks across video
sequences, we define the objects of interest for each
sequence to evaluate their segmentation performance in our
model and manually refine them. Qualitative examples of
the augmented sequences, together with a description of the
raw datasets, can be found in the supplementary material.

4.2. Evaluation Protocol and Baselines

We compare our model with SAGA [4], Gaussian Grouping
(GG) [46], SA4D [17], and DGD [22]. Additionally, we
add evaluation with the contrastive learning methods such
as Contrastive Gaussian Clustering (CGC) [10] and Open-
Gaussian [39]. Note that SAGA, Gaussian Grouping, CGC,
and OpenGaussian are designed for static scenes and do not
include a module to encode temporal information. To eval-
uate them on the 4D segmentation task, we integrate our
4D reconstruction backbone into their pipeline, extending
their approach to effectively handle dynamic scenes. GG
and SA4D require video object tracking labels for their su-
pervision. To enable evaluation of the multi-view sequences
from our benchmarks, we train the models on the camera
closest to the test view (cam5 for Neu3D, cam2 for Immer-
sive, and cam1 for Technicolor). After training, we man-
ually perform click prompts in the rendered novel views
of each scene trained by different approaches to select the
objects of interest defined in the benchmark. Apart from
the quantitative results, we also present qualitative results
from various benchmarks, as certain insights cannot be fully
captured through numerical evaluations alone. Following
common practices, we use Mean Intersection over Union
(mIoU) and Mean Pixel Accuracy (mAcc) to quantitatively
evaluate the performance of the models.
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Figure 4. Segmentation qualitative results. While Gaussian Grouping [46] and SAGA [4] suffer from spurious Gaussians, our method
demonstrates crisp and floater-free segmentation. Object boundaries in SA4D [17] and DGD [22] segmentations are not tight and capture
part of the background while rendering. OpenGaussian [39] is not able to fully capture the whole objects in its segmentation. Our model
consistently demonstrates superior segmentation quality and crisp object masks.

4.3. Segmentation Results

Preproc Training Total (min) Storage (MB)

DGD [22] 0.08 103 103 285
TRASE (Ours) 16 16 32 60

Table 2. Storage and time comparison between DGD [22] and
TRASE on NeRF-DS [41]. TRASE achieves over 3× faster train-
ing time compared to DGD while only requiring 4.5× less mem-
ory in storage due to its compact Gaussian features.

As shown in Tab. 1, TRASE achieves state-of-the-art
performance across all benchmarks, surpassing other seg-
mentation methods. Please refer to the supplementary ma-
terial for details on each sequence of the benchmark. Fur-
ther, we select some sequences to illustrate the quality of
the segmentation of each model in Fig. 4. These com-
parisons reveal that TRASE qualitatively surpasses exist-
ing models and exhibits multi-view consistent segmentation
performance. Notably, TRASE maintains strong segmen-
tation consistency to test camera views in multi-view se-
quences such as flame steak, Painter, and 11 Alexa 2. This
robust performance can be attributed to the compact Gaus-
sian features learned through the proposed Gaussian feature
training. In contrast, DGD segments objects by compar-
ing cosine similarity scores between features retrieved via
click prompts. However, determining a suitable threshold
that generalizes across various scenes is neither straightfor-
ward nor intuitive. TRASE employs clustering based on
the Gaussian features to group the Gaussians into several
segments. As this operation is done in 3D space, TRASE
achieves cross-view consistency and doesn’t need to asso-
ciate objects from different views. This advantage is evident

in cut-lemon1 example in Fig. 4, where wrongly associated
object IDs can cause segmentation failure for [46].

5. Ablation Studies

5.1. Time and Storage Analysis

We perform a comprehensive time and storage analysis of
TRASE and DGD [22] using an RTX 3080 and an Intel
i7-12700 on the NeRF-DS [41] dataset. The results are
shown in Tab. 2, where “Pre-Proc” refers to the generation
of DINOv2 384-dim features for DGD and SAM masks
for TRASE. Rendering 384-dim features into 2D is com-
putationally inefficient, significantly slowing down DGD’s
training process. TRASE uses 32-dim Gaussian features,
which can be rendered much more efficiently. As a result,
TRASE achieves over 3× faster total time than DGD while
only requiring 4.5× less space in storage.

5.2. Soft Sample Mining

We visually demonstrate the effectiveness of our soft-mined
pixel-pair sampling strategy in comparison to other con-
trastive objectives: sampling all positive–negative pairs (all)
and sampling only pairs that individually satisfy the thresh-
olds (hard). We include contrastive-based baselines such as
CGC [10] and OpenGaussian [39] for completeness. By in-
vestigating the out-of-FoV regions, i.e., 3D regions outside
the observable space of train and test views, we observed
floaters in the segmentation by our method without soft se-
lection and other contrastive baselines, as shown in Fig. 5.
Our mining approach effectively eliminates these floaters,
leading to more stable and reliable segmentation. It is worth
noting that no post-processing filtering is applied to ensure
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Figure 5. Qualitative results of segmented objects in chickchicken
and oven-mitts sequence in out-of-FoV viewpoint. TRASE with
soft sample mining (Ours) exhibits superior performance over
TRASE with hard / all mining, CGC [10], and OpenGaussian [39].

HyperNeRF-Mask Immersive-Mask Technicolor-Mask
Method mIoU↑ mAcc↑ mIoU↑ mAcc↑ mIoU↑ mAcc↑

TRASE (multi-frame) 0.8636 0.9833 0.8968 0.9933 0.9309 0.9913
TRASE (Ours) 0.8663 0.9845 0.9234 0.9945 0.9308 0.9917

Table 3. Ablation study on single-frame mask supervision.
The multi-frame baseline propagates masks between consecu-
tive frames using Gaussian motion flow to impose temporal con-
straints. While this increases training time by a factor of 2, it does
not provide significant additional supervision, confirming the ef-
fectiveness of single-frame mask supervision.

a fair comparison.

5.3. Single-frame Mask Supervision

Inspired by classical tracking methods [13] and recent work
linking 3DGS dynamics to pixel motion [12], we investi-
gate the impact of incorporating temporal constraints on
our single-frame mask supervision. Specifically, we com-
pare our standard single-frame approach with a temporal
extension, where masks are propagated across consecutive
frames to encourage segmentation consistency over time.
To implement this, we estimate optical flow between con-
secutive training timestamps ts and ts+1 using differen-
tiable rendering with accumulated 2D Gaussian displace-
ments [12], and warp mask pixels from ts to ts+1. Quantita-
tive results are presented in Tab. 3. As observed, the multi-
frame baseline does not provide significant improvements
over the single-frame supervision, despite the doubled train-
ing cost, as an additional 2D flow and all associated param-
eters are rendered. This validates our design choice to rely
on single-frame mask supervision, which achieves strong
segmentation performance efficiently.

5.4. Post-processing Filtering

We provide an ablation study of our method with respect
to the filtering step, which removes Gaussians whose fea-
tures are too dissimilar to the object’s mean. As shown in
Tab. 4, the proposed filtering step enhances the segmenta-
tion quality of our method. Particularly, artifacts on the
object’s boundaries are effectively removed, mitigating the
inaccuracies in input masks or the effects of occlusions.

NeRF-DS-Mask HyperNeRF-Mask Neu3D-Mask
Method Filtering mIoU↑ mAcc↑ mIoU↑ mAcc↑ mIoU↑ mAcc↑

SAGA [4] ✘ 0.8072 0.9644 0.7660 0.9579 0.6941 0.9516
✓ 0.8421 0.9778 0.8223 0.9779 0.8026 0.9853

TRASE ✘ 0.8760 0.9829 0.8368 0.9790 0.8738 0.9923
TRASE (Ours) ✓ 0.8768 0.9831 0.8663 0.9845 0.9022 0.9945

Table 4. Effect of filtering spurious Gaussians for SAGA [4] and
TRASE. Despite the improved baseline’s performance, TRASE
maintains the superior segmentation quality due to its spatially
consistent feature space.

SAGA
w/o Filtering

SAGA
w/ Filtering

TRASE
w/o Filtering

TRASE
w/ Filtering (Ours)

Figure 6. Qualitative results for SAGA [4] with (w/) and without
(w/o) our proposed filtering. Even though our filtering step can
filter most of the artifacts from SAGA. Their resulting segmented
objects are still not optimal compared to TRASE.

We further demonstrate the advantage of our learned fea-
ture field by showing that while the post-processing step
enhances segmentation accuracy, it is not the sole factor
driving our superior performance. We also note that this
technique is applicable only to certain baselines such as
SAGA [4]. For example, methods like CGC [10] and
DGD [22] already incorporate a similarity threshold dur-
ing inference. OpenGaussian [39] gets the assigned class
ID for each Gaussian from their codebook. By contrast,
SA4D [17] and Gaussian Grouping [46] learn an identity
field, making our post-processing inapplicable to them. In
Tab. 4 and Fig. 6, we quantify and illustrate the effectiveness
of applying our proposed filtering step to SAGA [4]. How-
ever, because the features learned under the baseline’s hard-
contrastive objective remain suboptimal, the segmentation
quality still exhibits more artifacts compared to TRASE.

6. Editing Applications

In addition to accurate segmentation capabilities and multi-
view consistent rendered masks, we demonstrate the effec-
tiveness of our learned semantic feature field in a range
of downstream tasks. Specifically, we focus on interac-
tive editing applications and develop a graphical user inter-
face (GUI) to grant full user control over the representation.
Thanks to its explicit nature and our semantic abstraction to
Gaussian clusters, we achieve real-time operation capabil-
ity in handling many editing tasks. We provide snapshots of
the GUI in the supplementary.



Figure 7. Versatile scene editing applications. (a) The object of interest can be selected by click prompts or text prompts. (b) Scene
composition can be done by manipulating the selected Gaussians in another scene. (c) Style transfer of the segmented objects to obtain
different textures. (d) Object removal for the selected object.

In addition to simple click prompts, we also support text-
based prompts to make object selection even more intuitive.
To enhance 3D content editing in dynamic scenes, we inte-
grate style transfer capabilities for the selected objects. By
segmenting objects directly in 3D, we facilitate scene com-
position and object removal through straightforward manip-
ulation of the selected Gaussians. Due to the space limit, we
shall provide more qualitative results in the supplementary.
In the following, we describe the implementation details of
editing tasks based on our semantically-aware feature field.

Text Prompt. Inspired by Gaussian Grouping [46], we em-
ploy Grounded SAM [34] to generate a 2D mask based
on the text prompt in the novel view. The 2D mask is re-
projected into the 3D space with the rendered depth infor-
mation. Finally, we associate each reprojected point with
its nearest Gaussian in the 3D scene and retrieve its corre-
sponding cluster. If the number of associated Gaussians of
a given cluster is more than a threshold, the cluster would
be selected. The example of text prompts on different se-
quences is shown in Fig. 7 (a).

Scene Composition. We also perform qualitative results
on scene composition. As the segmentation is performed
in 3D, we can simply put the selected Gaussians from the
dynamic scene into another static or dynamic scene. The
scales and coordinate transformation need to be adapted.
We show some examples of scene composition in Fig. 7.

Object Style Transfer. We adopt the static Gaussian style
transfer from StyleSplat [16] for dynamic scenes. Given a
rendered image Ir and a style image Is, we extract their
feature maps (F r, F s respectively) from VGG16 [36] and
optimize only the SHs of the Gaussians of the selected
cluster with the nearest-neighbor feature matching (NNFM)
loss [48]. Fig. 7 (c) illustrates an example of style transfer

on the segmented object.
Object Removal. We can also remove objects by simply
deleting Gaussians belonging to the specific cluster as il-
lustrated in Fig. 7 (d). It is worth noting that an additional
inpainting step may be required, where the newly exposed
parts have not been learned from multi-view observations.

7. Conclusion
We introduced a novel framework for dynamic scene
understanding, which enables multi-view consistent seg-
mentation without any object tracking supervision. Our
TRASE effectively combines dynamic 3D Gaussian Splat-
ting 3DGS [45] and 2D SAM [20] masks in a contrastive
learning objective, which lifts semantic information into 3D
space and learns expressive Gaussian features based on soft
sample mining. This results in cross-view consistency when
rendering segmented objects, enhancing the quality and
coherence of object segmentation across different views.
Evaluated on various novel-view datasets, TRASE shows
superior performance both quantitatively and qualitatively.
We further demonstrate the effectiveness of the learned fea-
ture field on downstream editing tasks such as point and text
prompts, style transfer, object removal, and scene composi-
tion. Our approach sets a strong foundation for further re-
search into dynamic scene understanding and scene editing,
especially in complex multiview scenarios. We intend to
release our code and benchmarks for future developments.
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