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Figure 1: Comparison with prior works SA4D [10] and SADG [21], which suffer from inaccuracy at object boundaries. Benefiting
from two training-free iterative refinement stages, our method enables efficient extraction of target objects while effectively
suppressing floating Gaussians and boundary leakage, resulting in more accurate segmentation.

Abstract

Object-level segmentation in dynamic 4D Gaussian scenes remains
challenging due to complex motion, occlusions, and ambiguous
boundaries. In this paper, we present an efficient learning-free 4D
Gaussian segmentation framework that lifts video segmentation
masks to 4D spaces, whose core is a two-stage iterative bound-
ary refinement. The first stage is Iterative Gaussian Instance Trac-
ing (IGIT) at the temporal segment level. It progressively refines
Gaussian-to-instance probabilities through iterative tracing and
extracts corresponding Gaussian point clouds. Thus, it can han-
dle occlusions and preserve the completeness of object structures.
The second stage is frame-wise Gaussian Rendering Range Control
(RRC), which suppresses highly uncertain Gaussians near object
boundaries while retaining their core contributions for more accu-
rate boundaries. Furthermore, a temporal segmentation strategy
is proposed for IGIT to balance identity consistency and dynamic
awareness. Correlations within each temporal segment enforce
strong multi-frame constraints for stable identities, while inde-
pendence across segments allows identity changes to be captured
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promptly. Experiments on HyperNeRF and Neu3D datasets demon-
strate that our method produces clearer segmented Gaussian point
clouds with accurate boundaries and achieves higher efficiency
compared to SOTA methods. Source codes will be released soon
after the paper acceptance.
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1 Introduction

This paper focuses on efficient and precise object-level segmenta-
tion in dynamic scenes. Real-world environments are inherently
dynamic, with objects undergoing motion, deformation, and fre-
quent interactions over time, making it particularly challenging
to achieve efficient, reliable, and dynamic-aware object segmen-
tation. On the other hand, such a capability is relevant to a wide
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range of applications, including autonomous driving, robotics, and
augmented or virtual reality.

The rapid advancement of novel view synthesis techniques [1, 12,
25, 40] has significantly improved scene modeling capabilities. Neu-
ral Radiance Fields (NeRF) [25] demonstrates remarkable expressive
power for static scenes, and have been extended to incorporate se-
mantic information [5, 13, 14, 16, 17] and support dynamic scene
representations [8, 19, 27-29]. However, NeRF-based approaches
rely on implicit scene representations, which incur substantial com-
putational overhead during training and rendering, limiting their
applicability to downstream tasks such as object segmentation
and scene editing. In contrast, 3D Gaussian Splatting (3DGS) [12]
uses a learnable explicit representation, achieving faster rendering
and improved interpretability. Some approaches incorporate lan-
guage features into 3DGS to support open-vocabulary querying
and semantic interaction [11, 20, 30, 33, 37], while some focus on
instance-level segmentation, aiming to decompose complex scenes
into semantically meaningful objects [4, 7, 24, 32, 39]. Meanwhile,
Gaussian-based representations have been extended to the dynamic
scene [22, 34, 36, 38]. These advances lay a strong foundation for ex-
ploring 4D Gaussian segmentation; however, it is still challenging to
achieve efficient, reliable, and dynamics-aware object segmentation
in 4D Gaussian scenarios.

Representative challenges in 4D Gaussian segmentation cover
three key aspects, including: 1) achieving accurate instance bound-
aries under occlusions and complex motion, 2) balancing dynamic
scene expressiveness with segmentation stability, and 3) maintain-
ing practical efficiency. Existing 4D Gaussian segmentation meth-
ods generally follow two distinct paradigms: (i) tracking-based
approaches that lift 2D video segmentation labels into the 4D space,
producing time-varying Gaussian identity features, and (ii) tracking-
free approaches that focus on learning consistent and stable Gauss-
ian identity features via contrastive learning.

Tracking-based methods, represented by SA4D [10] and CIF [35],
predict the identity features per-frame for each Gaussian using
MLPs. These methods typically require shorter feature learning
time and exhibit stronger responsiveness to dynamic appearance
and structural changes. Nevertheless, frequent temporal updates of
Gaussian identities often lead to instability during object extraction,
manifested as noticeable Gaussian flickering artifacts. Additionally,
due to the complex occlusion relationships in dynamic scenes, they
commonly suffer from floating points and boundary leakage, which
significantly degrade the quality of object-level 4D segmentation.

Tracking-free methods, such as SADG [21], learn fixed identity
features for deformable Gaussians via contrastive learning, which
alleviates visual artifacts caused by label inconsistency in track-
ing-based supervision. Nevertheless, maintaining fixed Gaussian
identities over time limits its ability to handle dynamic scenes where
Gaussian identities may change. Split4D [9] further introduces lin-
ear motion modeling for Gaussian primitives and adopts a streaming
sampling strategy to enable Gaussian reuse, partially mitigating the
limitations of fixed identities. However, such motion-based Gaus-
sians may be less suitable for scene reconstruction in monocular
datasets due to the lack of reliable motion cues. Moreover, boundary
leakage of segmented objects is still not fully addressed in these
methods, and contrastive learning—based methods generally incur
substantial feature learning overhead.
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In this paper, we propose a learning-free 4D Gaussian segmen-
tation framework that efficiently lifts 2D video segmentation la-
bels into the 4D space by iteratively tracing the probabilities of
Gaussians belonging to objects. To address challenges arising from
floating points and boundary leakage, our framework consists of
two iterative refinement stages: Iterative Gaussian Instance Tracing
(IGIT) on the temporal segment level and frame-wise Gaussian
Rendering Range Control (RRC). IGIT removes most floating points
by iteratively refining instance assignments, enabling better han-
dling of occluded Gaussians and preserving more complete object
structures. RRC performs fine-grained, frame-wise intra-Gaussian
control over Gaussian rendering ranges, suppressing the rendering
ranges of highly uncertain Gaussians near object boundaries, while
preserving their core contributions around the Gaussian centers,
resulting in more accurate segmentation boundaries. It is worth
noting that IGIT is conducted on temporal segments instead of the
whole video or frame-wise, to balance identity consistency and
dynamic awareness. Correlations within each temporal segment
enforce strong multi-frame constraints for stable identities, while in-
dependence across segments allows identity changes to be captured
promptly. Thus, we introduce a temporal segmentation merging
strategy that progressively merges temporal segments during the
iterative tracing process. We further propose a method to com-
pute the similarity between the Gaussian point clouds of the target
object in adjacent temporal segments, which measures whether
significant changes in Gaussian identities occur between temporal
segments. This similarity is used to guide the merging process: tem-
poral segments with high similarity are merged, whereas others
remain separate, thereby automatically determining an appropriate
temporal granularity. In summary, our contributions are:

e We present a learning-free object-level 4D Gaussian segmentation
framework with tracing-guided iterative boundary refinement.
Gaussians are iteratively traced and segmented at the temporal
segment level.

e We propose a frame-wise Gaussian rendering range control strat-
egy for fine-grained intra-Gaussian segmentation. This strategy
allows iterative refinement for precise object boundaries.

e Experiments on HyperNeRF [28] and Neu3D [19] show that our
method achieves more accurate rendered masks for dynamic
Gaussian segmentation compared to existing approaches.

2 Related Work

4D Scene Representation: Existing 4D scene reconstruction meth-
ods often build upon established 3D reconstruction techniques and
extend them to dynamic scenes. The introduction of Neural Radi-
ance Fields (NeRFs) [25] and its extensions [1, 2] has significantly
advanced 3D reconstruction, enabling full-scene modeling via im-
plicit neural representations and photorealistic image synthesis. Nu-
merous works have further extended NeRFs [25] to dynamic scenes
[8, 19, 27-29]. However, such implicit representations often incur
high computational costs and limit applicability to downstream
tasks. In contrast, 3D Gaussian Splatting (3DGS) [12] and its exten-
sions [23, 40, 41] adopt explicit, learnable representations, enabling
efficient real-time rendering. Many methods extend 3DGS [12] to
dynamic reconstruction [22, 34, 36, 38], through deformation and
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Figure 2: Overview. Our learning-free object segmentation framework of 4D Gaussian scenes consists of two stages: iterative
Gaussian instance tracing (Sec. 3.1) with temporal segmentation (Sec. 3.2), and frame-wise Gaussian rendering range control
(Sec. 3.3). In the first stage, we iteratively perform Gaussian Instance Tracing within temporal segments (denoted as s, s;,...) to
remove erroneous Gaussians, and merge adjacent segments when their extracted Gaussians become consistent. In the second
stage, we progressively truncate the outer regions of each projected 2D Gaussian and retain only its most reliable central

contribution. After these two iterative stages, we obtain an accurate Gaussian point cloud for the target object.

trajectory modeling, facilitating downstream tasks such as dynamic
scene understanding and interaction.

3D Segmentation: Recent advances in vision foundation mod-
els, such as SAM [15], DINO [3], DINOv2 [26], CLIP [31], and video
trackers such as DEVA [6], have created new opportunities for se-
mantic understanding in 3D and 4D scenes. Several NeRF-based
approaches [5, 13, 14, 16, 17] lift semantic information from these
models to the 3D scene level, enabling semantic-aware representa-
tions. With the emergence of 3D Gaussian Splatting (3DGS) [12],
its explicit,learnable representation enables efficient rendering and
improved interpretability, making it suitable for scene understand-
ing. Consequently, many works integrate semantic information
into Gaussian-based representations, some [11, 20, 30, 33, 37] fo-
cus on semantic segmentation by combining Gaussian representa-
tions with language features for open-vocabulary querying, while
others target instance-level segmentation [4, 7, 24, 32, 39]. These
instance-level approaches typically rely on 2D masks or video track-
ers for direct supervision, or employ contrastive learning to enforce
cross-view feature consistency. Notably, Trace3D [32] introduces
Gaussian Instance Tracing (GIT) to compute per-Gaussian weights,
which are further used to guide adaptive density control. This de-
sign enables efficient lifting of 2D segmentation to 3D Gaussian
scenes and improves boundary accuracy. However, most existing
methods focus on static scenes and lack efficient mechanisms for
robust instance segmentation in dynamic Gaussian scenes.

Dynamic Gaussian-based Instance Segmentation: In prior
work on 4D Gaussian instance segmentation, DGD [18] extends the
3DGS [12] rasterization pipeline to render per-Gaussian semantic
features supervised by DINOv2 [26] or CLIP [31]; however, the high
dimensionality of these features (384/512) introduces non-negligible
training overhead. SADG [21] adopts a contrastive learning strategy
by assigning each Gaussian a set of learnable identity features that
remain fixed over time, but struggles with identity changes. Split4D

[9] addresses large-motion scenarios by endowing Gaussians with
linear motion over time to improve temporal consistency; however,
such motion-based Gaussians may be less suitable for monocular
input, and boundary overflow remains challenging.

SA4D [10] and CIF [35] leverage a video tracker [6] to obtain
temporally consistent instance labels and lift them into the 4D
domain via feature fields. SA4D [10] employs an MLP to predict
dynamically changing Gaussian features at each time step, but does
not explicitly account for occlusions, and often results in noticeable
artifacts or Gaussian flickering in the segmented objects. CIF [35]
further estimates spatial occupancy and refines boundaries via
Gaussian splitting, introducing higher learning complexity and
increased instability in Gaussian identities.

In general, these methods rely on learned Gaussian features for
4D segmentation. Moreover, using these features for object segmen-
tation requires empirically tuned thresholds to balance boundary
leakage and object integrity. To address these challenges, we pro-
pose an efficient learning-free object-level 4D Gaussian segmenta-
tion framework with two tracing-based iterative refinement stages,
achieving precise boundaries while preserving object integrity.

3 Methodology

Figure 2 shows the overall framework of the proposed 4D Gaussian
segmentation method, which consists of two stages. In the first
stage, Iterative Gaussian Instance Tracing (IGIT) is applied to obtain
arelatively accurate Gaussian point cloud of target objects (Sec. 3.1).
This process is performed over temporal segments, enabling identity
changes of Gaussians to be captured promptly while maintaining
multi-frame constraints. A temporal segmentation merging strategy
is introduced to determine the appropriate temporal segmentation
granularity (Sec. 3.2). In the second stage, the probability that each
Gaussian belongs to the target object is leveraged as guidance
for frame-wise Gaussian rendering range control. This process
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is performed iteratively on each frame to progressively refine a
reliable rendering range for each Gaussian distribution(Sec. 3.3).

3.1 Iterative Gaussian Instance Tracing (IGIT)

We adopt Gaussian Instance Tracing (GIT) [32] to lift 2D instance
labels into 4D Gaussians and estimate the probability that each
Gaussian belongs to different instances. Specifically, we first obtain
2D segmentation masks M, for each frame t using DEVA [6]. For
each training view v;, we project Gaussians onto the image plane
and compute a weight matrix based on the instance IDs of the cov-
ered pixels and each Gaussian’s contribution to them. This matrix
is denoted as W; € RN*K \where N is the number of Gaussians and
K is the number of unique instance IDs. The weight of a Gaussian
G; belonging to instance ID k (one of the K unique instance IDs)
under view v; is defined as:

Wi (G k) = Y T[Mi(w,0) =k] §i(w0) Ti(wo,t) (1)

(u,0)

where ¢;;(u,0) = 0;(t) G?D(u, o, t) represents the contribution
weight of the i-th Gaussian at pixel (u,0) and time t, 0;(t) de-
notes the opacity of the ith Gaussian at frame ¢, and GI.ZD (u,0,1)
represents the value of the 2D Gaussian distribution evaluated at
pixel location (u,0,t). T; (4,0, t) = [];<; (1-¢j:(u,0)) represents
the accumulated transmittance, ]I[ . ] denotes the indicator func-
tion. ]I[Mt(u, v) = k] equals to 1 when M, (u,v) = k is true (i.e., the
pixel (u,v,t) belongs to object k), otherwise it equals to 0. After
summing the identity weight matrices of all Gaussians across all
views and applying normalization, we obtain the probability matrix
P € [0,1]N*K  which is the probability of each Gaussian belonging
to each instance identity over all time steps in the current scene:

_ 2 Wi(Gi)

12 Wi (G )|
For target instance ko, we define a binary Gaussian mask MkGo €
{0, 1}V as Mg =1 [ko = arg maxy Pi,k] .

However, a single pass of GIT is insufficient to obtain an accu-
rate Gaussian point cloud, as many Gaussians are partially or fully
occluded in the original 4D scene. Although their visible regions are
associated with the target object, occluded parts may become visible
after segmentation, leading to changes in instance membership and
resulting in incorrectly segmented floating Gaussians. Existing 4D
Gaussian instance segmentation methods [9, 10, 21] typically com-
pute identity features from the original scene, which are not well
suited for the segmented point cloud where occlusion relationships
have changed. Consequently, these methods rely on a single-step
extraction with empirically tuned thresholds to suppress floating
Gaussians. However, such thresholding is heuristic and lacks ro-
bustness, often requiring scene-specific tuning, and struggles to
balance floating Gaussian removal with object completeness.

Benefiting from the aforementioned learning-free framework,
we can efficiently perform iterative Gaussian identity estimation.
Specifically, we re-project 2D instance labels onto the segmented
Gaussians to update instance membership under new occlusion
relationships, leading to refined identities:

Wi (Gik) = Mg > T[Mi(w0) = k] i (w,0) Ty (w0, M7) (3)
(w,0)

@

i
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where T;(u, v, t;Mg) =T1<i (1 - ¢js(u0) MkGo) This formulation
excludes Gaussians not belonging to the target object from subse-
quent identity and occlusion computations. By iterating this process,
we progressively obtain a more accurate Gaussian point cloud.

In our experiments, each IGIT iteration corresponds to a full
pass of instance tracing over all training views. This process is
empirically observed to converge: in later iterations, the extracted
Gaussian point cloud changes very marginally. Accordingly, the
variation in the average number of remaining Gaussians per frame
is continuously monitored across iterations. If the decrease in this
quantity becomes negligible, IGIT is considered to have effectively
converged, and the iteration is then terminated. In practice, let ¢V
denote the reduction rate in the average per-frame Gaussian count
at iteration [, and we terminate the iteration when eV < 0.005 for
two consecutive iterations. For most scenes, this typically occurs
within 5-10 iterations. As an example, the evolution of € in the
americano is illustrated by the orange line in Figure 4.

3.2 Temporal Segmentation (TS)

In 4D Gaussian scenes, Gaussian identities may vary over time.
Taking the cut-lemon1 example in Figure 3, Gaussians at the cut
part shrink, while those at the new location deform into the lemon
slice. In such a case, methods with fixed Gaussian identities, such
as SADG [21], tend to produce artifacts and content loss. Instead,
approaches like [10, 35] predict Gaussian identities dynamically
at each time step, and thus can capture identity variations. Nev-
ertheless, per-frame prediction may introduce flickering or leave
Gaussians unhandled, due to insufficient multi-view supervision.

To avoid the constancy of global-fixed identities and the instabil-
ity of per-frame identity prediction, IGIT operates at the temporal
segment level. Correlations within each temporal segment enforce
strong multi-frame constraints for stable identities, while inde-
pendence across segments allows identity changes to be captured
promptly. An appropriate temporal segmentation strategy is there-
fore needed to determine at which time points the dynamic scene
should be partitioned into temporal segments.

Assume that the sequence of a scene is partitioned into S tem-
poral segments in an iteration, indexed by s € {1, ..., S}. For two
adjacent segments s and s + 1, let Mg’s and M,?’s” denote the Gaus-
sians extracted by IGIT (Sec. 3.1). Their Gaussians can be divided
into two categories: (i) points that exist in both temporal segments,
ie., Mg’s ) Mg’”l, and (ii) points that exist only in one of them.
The underlying assumption is that two adjacent temporal segments
should be merged only when the first category dominates the ren-
dering contributions in each segment. In this case, the target object
is considered to have no significant change across the two temporal
segments, and merging them allows IGIT to leverage a larger set of
views, leading to more accurate segmentation results. Conversely,
if the Gaussians that exist only in one temporal segment contribute
significantly to its rendering, this indicates notable changes in the
target object. Merging in such cases may hinder correct segmenta-
tion of these high-contribution Gaussians; therefore, the temporal
segments should stay apart, and IGIT will be applied independently.

Based on the above intuition, we define the ratios a;s4+; and
Qs+1,5 to measure the proportion of rendering contributions of the
first cagetory in each segment, and the similarity between two
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Figure 3: Comparison with SA4D [10] and SADG [21] in the
cut-lemon1 scene. SA4D and our method, which support dy-
namic Gaussian identities, successfully capture the lemon
slice after it is cut off, while SADG fails to reflect this change
due to its fixed identities. Compared to SA4D, our temporal
segmentation strategy further introduces additional multi-
view supervision, reducing incorrectly retained Gaussians.

adjacent segments as well:

Sim(s’ s+ 1) = min (as,s+1’ as+1,s) (4)
ZieMgslmMZ’sz W,
Usy5y = (5)
S ZiEMf’Sl I’Vs1
0

Here, W; € RN denotes the aggregated rendering contributions
of Gaussians in temporal segment s, where the contribution of
each Gaussian G; is computed as W, (G;) = X es Zkex Wi (Gi k). A
threshold 7 is introduced so that the s and s + 1 are merged when
sim(s, s + 1) > 7; otherwise, they stay apart.

The formation of temporal segments and the determination of 7
are performed jointly with IGIT iterations. The scene is first parti-
tioned into temporal segments based on each training view frame.
After the first IGIT iteration, the average similarities simg,y =
> sim(s,s + 1)/(S — 1) between each pair of adjacent frames is
computed. The merging threshold 7 is then empirically set as
T = SiMgayg — 0.1. After each IGIT iteration, the similarities between
all adjacent temporal segments are evaluated: adjacent segments
with similarity exceeding r are merged, while others stay apart.
The updated temporal segments are then used to guide the next
IGIT iteration. After several iterations, the temporal segmentation
stabilizes. In scenes where Gaussian identities remain relatively
consistent, temporal merging typically results in a single segment.
In contrast, in scenes with complex variations in Gaussian identities,
such as cut-lemon1, multiple temporal segments are preserved.

MM ’26, November 10-14, 2026, Rio de Janeiro, Brazil.

3.3 Frame-wise Gaussian Rendering Range
Control (RRC)

After IGIT and TS, we obtain relatively accurate Gaussian point
clouds for each temporal segment. However, two types of Gaus-
sians still degrade mask rendering quality. The first type consists
of Gaussians near object boundaries or occupying excessive screen
space. Although assigned high probabilities of belonging to the
target object within a temporal segment, much of their distribution
lies outside the true object boundaries. The second type consists
of Gaussians with unstable identities within a temporal segment.
While the temporal segmentation strategy encourages identity con-
sistency within each temporal segment, it cannot effectively handle
individual Gaussians whose identities change within a segment.
Naively removing these two types of Gaussians per frame is unde-
sirable, as it may produce overly sparse point clouds and exacerbate
flickering, ultimately lowering rendering quality.

Therefore, we propose the frame-wise Gaussian Rendering Range
Control (RRC), which retains only the most central and informative
portion of each Gaussian’s distribution This strategy aims to pro-
duce accurate segmentation boundaries while avoiding excessive
sparsity in the Gaussian point cloud, compared to naively remov-
ing highly uncertain Gaussians. Similar to the procedure in Sec.
3.1, we project the 2D segmentation labels onto the Gaussians for
each training frame, generating the probability p;; s, that Gauss-
ian G; belongs to the object k at time t. We use p; ; x, to initialize
the threshold r;,x,, which is then used to control the Gaussian
rendering range in both instance tracing and rendering. For each
projected Gaussian, we render only the central region whose cu-
mulative probability mass equals r;; ,, while the outer region is
excluded from both rendering and occlusion computations.

Unlike IGIT, occlusion effects from preceding Gaussians (T; (u, v, t))
are ignored during instance tracing at this stage, as visibility has
been accounted for in IGIT, where Gaussians incorrectly retained
due to occlusion have been largely removed. More importantly, the
rendering range is controlled independently for each projected 2D
Gaussian. By excluding occlusion modeling, the probability p;; k,
becomes more stable, facilitating more reliable estimation of the
threshold r; ; x,, and avoiding overly restrictive truncation:

Wi (Gik) = MO* " [ My (u,0) = k] i (,0) Y1, (w,0) (6

(w0)
Wi (Gi, ko)
N TACE] (7)
where the indicator function ¢;,(u,0) = I[G?D (w,0,t) > (1 -
r,-,,,ko)] selects the central region of each projected 2D Gaussian
G?P, ensuring that only this region contributes to rendering. Mg’s
denotes the Gaussians segmented by the procedures described in
Secs. 3.1 and 3.2 for temporal segment s, to which the current frame
t belongs. Accordingly, the rendering formulation for the segmen-

tation result of object k¢ is modified as follows:

c(wot) = MP* Y $ir(wo) Yir(wo) Ti(wo )  (8)

where Ti(u, 0, 1) = [];; (1-¢j(u,0) M,g)’s (4, 0)) , representing
the accumulated transmittance up to GiZD , with each preceding
Gaussian contributing only from its central region defined by r; ; .
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Table 1: Quantitative comparison of our method against SA4D [10] and SADG [21] on HyperNeRF [28] (mIoU/mAcc in %).

Methods americano chickchicken cut-lemon1 espresso hand keyboard
mloU mAcc mloU mAcc mloU mAcc mloU mAcc mloU mAcc mloU mAcc
SA4D [10] 84.08 99.43 87.93 9691 8340 9655 73.08 98.64 91.77 98.63 84.97 97.33
SADG [21] 78.64 99.09 9389 9856 87.60 97.64 69.66 9843 9146 98.72 87.35 97.85
Ours 87.48 99.61 95.14 98.87 8634 97.38 90.33 99.62 91.61 98.67 94.11 99.07
Methods oven-mitts slice-banana split-cookie torchocolate average
mloU mAcc mloU mAcc mloU mAcc mloU mAcc mloU mAcc
SA4D [10] 66.09 9130 77.25 91.21 86.40 99.32 80.89 99.47 81.58 96.89
SADG [21] 92.18 98.63 89.36 96.58 86.17 9932 87.56 99.70 86.39 98.45
Ours 93.49 98.93 90.35 96.99 93.86 99.73 86.32 99.68 90.90 98.86

Table 2: Quantitative comparison of our method against three SOTA methods on Neu3D [19] (mIoU/mAcc in %).

Methods coffee_martini cook_spinach cut_roasted_beef  flame_steak sear_steak average
mloU mAcc mloU mAcc mloU mAcc mloU mAcc mloU mAcc mloU mAcc
SA4D [10] 89.46 99.37  90.62 99.47  90.73 99.45 88.10 9935 8883 9935 89.55 99.40
SADG [21] 9147 99.50 91.92 9956  92.88 99.59 87.45 9932 89.62 99.42 90.67 99.48
Split4D [9] 91.75  99.52 92.81 99.60 96.55 99.81 88.99 9941 93.19 99.63 92.66 99.59
Ours 93.27 99.63 95.29 99.75 93.34 99.64 91.85 99.59 94.46 99.70 93.64 99.66
Ideally, the removed portion of each Gaussian, corresponding '
0.995
to cumulative probability 1 — r;,x,, lies outside the target object . b0
ko.In practice, retaining only the central region with probability 0085
Tit ko iS an approximation and does not guarantee that the removed 008 £
portion lies entirely outside, so a single application may still cause € 0975 8
boundary leakage. We therefore apply this truncation iteratively to 000l ., ., o
progressively refine each Gaussian’s rendering threshold r; ;- Iteration

In the initialization stage,the probability p; ; , from untruncated
Gaussians before any range control is used to initialize the threshold
Ti.tky- We then iteratively perform Instance Tracing over all training
frames to update each truncated Gaussian’s probability p; ; x, (Eqs. 6

and 7) and the threshold r;; x,, Let [ denote the iteration index, p(l)

i,t,ko
is computed based on Gaussian regions truncated according to ri(lt)ko.
Then, rl(illo) follows a multiplicative updating rule:

(+1) _ (D) (O]
ri,l’,k() - ri,t,k() X pi,[,k() (9)
From empirical observations, we find that when the number
O]
i,t,ko
Gaussian at each frame tends to either 1 (indicating that the Gauss-
ian’s rendering range lies entirely within the target object) or 0

(indicating that it lies completely outside the target object). At this
()
it,ko

After each iteration I, the average probability pélv)g ko is computed

of iterations [ is sufficiently large, the probability p for each

point, the value of r; ’_ is considered to have effectively converged.

over all segmented Gaussians and frames in the current scene. The

iterative process will be terminated when p(l) _ p<172 < 0.001.
avg,ky avg,ko

In most of our experiments, RRC typically stabilizes within 10

iterations. As an example, the evolution of pguyk, in the americano

is illustrated by the green line in Figure 4.

Figure 4: A line chart of the reduction rate (") and the average
O]

probability P aog

. at iteration [.

After the two iterative stages described in Secs. 3.1 and 3.3, we
obtain a segmentation result with well-defined object boundaries
for the target object k, stored in Gaussian masks MkG0 € {0, 1}V*8

and the cumulative probability M,ZO e [0, 1]N*T,

4 Evalutaion

In this section, we first introduce the evalutaion setup, including the
datasets, benchmarks, evaluation metrics, and baselines (Sec. 4.1).
We then compare our method with recent competitive methods on
the HyperNeRF [28] and Neu3D [19] datasets (Sec. 4.2). We conduct
ablation studies to evaluate the impact of different components
of our method on the experimental results (Sec. 4.3). Finally, we
discuss the limitations of our method (Sec. 4.4).

4.1 Evalutaion Setup

Datasets: We evaluate our method on two widely-used datasets: Hy-
perNeR [28] is captured using a single moving monocular camera,
observing dynamic scenes with diverse human-object interactions;
Neu3D [19] consists of multi-view videos recorded with a rig of
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Figure 6: Qualitative comparison of our method against three SOTA methods on Neu3D [19].

18-21 cameras at 30 FPS, depicting a person performing cooking
tasks in a kitchen. Following SADG [21], we conduct experiments
on HyperNeRF scenes: americano, split-cookie, oven-mitts, espresso,
chickchicken, hand1-dense-v2, torchocolate, slice-banana, keyboard,
and cut-lemon1; and on Neu3D scenes: coffee_martini, cook_spinach,
cut_roasted_beef, flame_steak, and sear_steak. We adopt the bench-
mark annotations provided in SADG for evaluation.

Evaluation Metrics: To evaluate the quality of the segmented
masks, we follow the evaluation protocol of prior works, adopting
Mean Intersection over Union (mloU) and Mean Pixel Accuracy
(mAcc) as quantitative metrics for segmentation performance. In ad-
dition, we compare the runtime of our method with SA4D [10] and
SADG [21] for Gaussian identity feature learning and target object
extraction on HyperNeRF [28] and Neu3D [19], excluding scene
reconstruction and 2D segmentation. Only segmented Gaussians
are considered during rendering, without accounting for occlusions
from other Gaussians, consistent with the setting in SADG. All
experiments were conducted on a single NVIDIA RTX 3090 GPU.

Baselines: We compare our method with recent competitive
methods SA4D [10], SADG [21] and Split4D [9]. Note that as Split4D
relies on motion-enabled Gaussians that are not well-suited for
monocular datasets such as HyperNeRF [28], it is evaluated only
on Neu3D [19]. Both SA4D and our method are trained using the
same 4D Gaussian point clouds and DEVA [6] 2D segmentation
results , ensuring a fair comparison. For SADG, we follow the
original training settings provided in the official implementation.
For Split4D, we contacted the authors to obtain results evaluated
under the SADG benchmarks and the same mask rendering protocol.

For multi-view dataset Neu3D [19], considering that DEVA [6]
requires temporally continuous image sequences, we construct its
input by selecting the two training views closest to the test view and
concatenate their sequences, with one in chronological order and
the other in reverse order. In the experiments, cam05 and cam06 are
selected, where the image sequence from cam05 is in chronological
order and that from camo06 is reversed.

4.2 Comparison

Tables 1 and 2 report the quantitative comparison of our method
against prior works on HyperNeRF [28] and Neu3D [19] datasets,
following SADG [21] benchmark annotations. Our method outper-
forms the other methods in terms of both mIoU and mAcc.

For HyperNeRF [28], we visualize segmentation results of the
keyboard and espresso in Figure 5. Our method achieves notable
improvements over the other two approaches, producing cleaner
object boundaries both visually and in mask results. In contrast,
SA4D [10] and SADG [21] exhibit erroneous floating points and
boundary leakage, negatively affecting rendering quality.

For Neu3D [19], we visualize segmentation results of cook_spinach
and flame_steak in Figure 6. Since only the two training views clos-
est to the test view are fed to DEVA [6], multi-view supervision
for our method and SA4D [10] may be limited. Nevertheless, our
method still outperforms SADG [21] and Split4D [9] quantitatively,
largely due to its improved suppression of boundary overflow in
occluded regions caused by foreground objects.

Table 3 reports the runtime of our method, SA4D [10] and
SADG [21] to extract the target object on HyperNeRF [28] and
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Table 3: Efficiency and accuracy comparison of our method
against SA4D [10] and SADG [21] on HyperNeRF [28] and
Neu3D [19]. Time denotes the average time (in minutes) re-
quired to obtain the target object on each dataset, measured
as the total time spent on identity feature learning and target
object Gaussians extraction (mloU/mAcc in %) .

HyperNeRF Neu3D

Methods

time mloU mAcc time mloU mAcc

SA4D [10] 19.71 81.58 96.89 32.23 89.55 99.40
SADG [21] 63.05 86.39 9845 9348 90.67 99.48
Ours 0.87 9090 98.86 1.60 93.64 99.66

Table 4: Ablation study.We evaluate our method under dif-
ferent configurations on HyperNeRF [28].

Methods mloU (%) mAcc (%)
(i) Ours w/o TS&RRC ~ 84.65 98.07
(ii) Ours w/o TS 90.48 98.82
(iii) Ours w/o RRC 85.33 98.14
(iv) Ours w/ TS&RRC 90.90 98.86

(iii) @ (iv) .

m GT

Figure 7: Qualitative ablation study in the americano scene.

GT (i) (i) (i) (iv)

Figure 8: Qualitative ablation study in the cut-lemon1 scene.

Neu3D [19] datasets, measured as the average total time per scene
for both instance feature learning and target object segmentation,
excluding scene reconstruction and 2D segmentation. Our method
outperforms the other two learning-based approaches in both ef-
ficiency and quantitative metrics. This advantage stems from our
two-stage training-free iterative refinement framework, which elim-
inates the costly process of scene-specific identity feature learning
while enabling fast and accurate target object segmentation.

4.3 Ablation Studies

Table 4 shows an ablation study on HyperNeRF [28], comparing
the full method with variants using only Temporal Segmentation
(TS), only Gaussian Rendering Range Control (RRC), or neither.
The results show that using TS to handle variations in Gaussian
identities improves segmentation, compared to using temporally

He Wu, Xia Yan, Yanghui Xu, Liegang Xia, & Jiazhou Chen

consistent Gaussian identities. This is because TS can identify time
steps where significant identity changes occur in the Gaussians that
make up the target object and adaptively determine the appropriate
temporal segments. For relatively stable scenes, longer segments
are formed to provide more multi-view supervision and prevent fre-
quent Gaussian flickering, whereas for scenes with rapid changes,
shorter segments are generated to capture such variations. In con-
trast, temporally consistent Gaussian identities are only suitable for
stable scenes and struggle when Gaussian identities change signifi-
cantly. The qualitative results (Figure 8) on cut-lemon1 demonstrate
the effectiveness of TS: as lemon slices are cut off, the Gaussians
composing the target object experience significant changes, which
are correctly handled only when TS is applied.

When the RRC is removed, both mIoU and mAcc drop substan-
tially. This is because it refines segmentation from the temporal
segment level to the frame level, while also distinguishing core
and peripheral contribution regions within each Gaussian in the
spatial domain, which reduces the constraints imposed by Gaussian
shapes and enables more precise segmentation. Qualitative results
(Figure 7) on americano further illustrate that RRC effectively sup-
presses Gaussian overflow in boundary regions, highlighting its
critical role in improving segmentation accuracy.

4.4 Limitations

Though TIBR4D can achieve efficient 4D Gaussian segmentation
with high-quality boundaries, several limitations exist and can be
explored in the future: 1) Instance tracing heavily depends on the
accuracy of 2D instance masks. Although the proposed two iter-
ative stages substantially reduce spurious floating Gaussians and
boundary leakage, severe errors in the video segmentation may still
propagate into 4D Gaussians and are difficult to eliminate. 2) Our
method focuses on iterative refinement for target object extraction
and is therefore not intended for full panoptic segmentation. Al-
though panoptic maps can be obtained either by directly projecting
instance tracing probabilities or by extracting and merging individ-
ual objects, both strategies are suboptimal in terms of segmentation
quality or computational efficiency.

5 Conclusion

We presented TIBR4D, an object-level segmentation framework
for dynamic Gaussian scenes that lifts video segmentation into
4D without requiring additional feature learning. The framework
adopts a two-stage tracing-guided iterative boundary refinement
strategy. In the first stage, Iterative Gaussian Instance Tracing (IGIT)
is combined with adaptive temporal segmentation (TS) to extract
accurate Gaussian point clouds while handling identity changes. In
the second stage, frame-wise Gaussian Rendering Range Control
(RRC) refines Gaussian contributions to mitigate boundary overflow
and improve segmentation precision. Extensive experiments on
HyperNeRF [28] and Neu3D [19] demonstrate that TIBR4D achieves
superior segmentation accuracy compared to existing methods [9,
10, 21], while maintaining competitive efficiency. Ablation studies
further validate the effectiveness of each component, particularly
in challenging scenes involving boundary overflow and identity
variations.
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