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Abstract. Interactive segmentation of 3D Gaussians offers a compelling
opportunity for real-time manipulation of 3D scenes, thanks to the real-
time rendering capability of 3D Gaussian Splatting (3DGS). However, ex-
isting methods require a time-consuming per-scene setup—typically tens
of seconds or even minutes—before interactive segmentation can begin
on a raw 3DGS scene. This setup involves multi-view mask preparation,
mask lifting, and feature distillation, creating a major bottleneck for on-
line applications. To address this limitation, we aim to completely elimi-
nate the setup stage for interactive 3DGS segmentation while keeping the
segmentation time practical (under 1 second). In this work, we present
SAGO (Segment Any Gaussians Online), a novel setup-free framework
for interactive 3DGS segmentation. By introducing virtual drones, our
method reframes the 3D segmentation problem as an online Next-Best-
View (NBV) planning task formulated within a Markov process. Exten-
sive experiments demonstrate that SAGO can extract clean 3D assets
directly from 3D Gaussians with sub-second latency, thereby enabling
a broad range of downstream applications such as object manipulation
and scene editing. Moreover, our method achieves over a 50x speedup
compared to the previous setup-free 3DGS segmentation frameworks.

Keywords: Interactive 3D Segmentation - 3D Gaussian Splatting - Next
Best View - Online Planning - 3D Segmentation - Active Vision

1 Introduction

In recent years, 3D Gaussian Splatting (3DGS) [14] has seen remarkable progress
in 3D representation and has shown great potential as a medium for 3D scene un-
derstanding in downstream applications such as embodied AT [8,27], robotics [28,
58], data synthesis [19,45] and immersive media [7,20,21,31,39-42,44,46,47]. To
equip 3DGS with capabilities of interaction, editing, and scene understanding, a
series of 3D segmentation methods [4,6,11,12,18,22-24,32,37,43,48,51,53-55]
have achieved remarkable progress. Most of them follow a pipeline as shown
in Fig. 1 that requires a scene-specific setup stage to pre-process the pretrained
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Fig.1l: The common pipeline of interactive 3DGS segmentation. Existing
methods require a setup stage of tens of seconds or even minutes before interactive
segmentation can be performed on a given raw 3DGS scene.

3DGS scene to make it interactively segmentable. The setup stage typically in-
volves pre-segmenting training views with 2D segmentation models, such as the
Segment Anything (SAM) series 3,16, 34], to generate 2D masks. These masks
are subsequently utilized for mask-lifting, feature distillation, or other forms of
optimization. Due to the setup stage, existing methods require an additional time
of tens of seconds or even minutes to process a new 3DGS scene before inter-
active segmentation can be performed, which significantly limits their efficiency
and user experience in practical applications.

To eliminate the setup stage, we explore an online and inference-only ap-
proach for 3DGS segmentation. Our goal is to enable interactive segmentation
of a given raw 3DGS scene within a user-tolerable time frame after the user pro-
vides a prompt describing the target object (e.g., clicks, boxes, or text), while
achieving comparable segmentation quality to existing methods requiring a per-
scene setup stage (i.e., offline methods). To achieve this, we revisit the problem
of online view planning within the context of active robotic vision [13, 50, 52],
where autonomous drones are deployed to explore unknown regions of physical
scenes for high-fidelity digital reconstruction. Each drone is equipped with a
camera that can be maneuvered to capture images from various viewpoints, and
the Next-Best-View (NBV) planning module is responsible for determining the
optimal camera parameters to maximize the coverage of the target object. This
NBYV planning problem shares a significant similarity with our 3D segmentation
task: each additional effective 2D view can provide substantial cues for the fi-
nal 8D task. In our 3D segmentation framework, 2D segmentation masks from
novel viewpoints serve as spatial constraints to effectively “prune” background
Gaussians that project outside the mask contours.

Building on this insight, we introduce virtual drones and formulate the
3D segmentation as an NBV planning problem for virtual drones. Starting from
the initial view (i.e., the view for user interaction), the virtual drone iteratively
plans its NBV based on the current state in a Markov Process framework. At
each step, the virtual drone captures a new view of the scene, and the 2D mask
obtained from SAM is used to update the state by pruning background Gaussians
that project outside the mask contours. By iteratively updating the state and
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planning the NBV, our method can effectively segment the target object in 3D
without requiring a time-consuming setup stage, while still maintaining high
segmentation quality. In summary, our key contributions are as follows:

— We propose SAGO, an effective and efficient online 3DGS segmentation
framework. SAGO completely eliminates the time-consuming scene-specific
setup stage required by most existing methods, while delivering segmentation
performance comparable (or superior) to state-of-the-art offline approaches.

— We introduce the concept of virtual drones and present a principled for-
mulation that recasts 3D online segmentation as a Next-Best-View (NBV)
planning problem for a virtual drone navigating and observing the scene.

— In contrast to previous setup-free methods, ours achieves over 50x inference
speedup while simultaneously delivering superior segmentation quality.

2 Related Works

Optimization-based 3DGS Segmentation. Most existing approaches [4, 6,
32,48,51,57] rely on a preparatory setup stage in which 2D segmentation masks
are first generated for a set of training views, followed by a dedicated opti-
mization procedure—commonly involving mask lifting, feature distillation, or
contrastive learning. For example, SAGA [4] employs scale-aware contrastive
learning to extract scale-gated affinity features, while Click-Gaussian [6] aggre-
gates global feature candidates to provide consistent supervision for Gaussian
feature learning. COB-GS [51] introduces boundary-adaptive Gaussian split-
ting to better resolve ambiguous regions near object boundaries. LangSplat [32]
distills semantic knowledge from CLIP [33] into 3D Gaussians using an auto-
encoder architecture. These optimization-based methods typically require iter-
ative gradient-based optimization, resulting in substantial computational time
and memory costs during the setup phase.

Online 3DGS Segmentation. Recent methods [11,12,23,36,38,53] have ex-
plored optimization-free approaches to 3D Gaussian Splatting (3DGS) segmen-
tation, a paradigm we refer to as online 3DGS segmentation. These methods gen-
erally bypass time-consuming per-scene optimization and gradient-based back-
propagation. For example, GaussianCut [12] constructs a graph over Gaussians
and reformulates 3D segmentation as a graph partitioning problem. iSegMan [53]
introduces epipolar-guided interaction propagation combined with visibility-based
Gaussian voting to achieve fully training-free segmentation. SAGD [11]| employs
Gaussian decomposition to alleviate jagged boundary artifacts. Trace3D [36] pro-
poses Gaussian Instance Tracing (GIT), which explicitly associates each Gaus-
sian with its corresponding instance labels across multiple views through a
learned weight matrix.

Although these online 3DGS segmentation methods eliminate per-scene op-
timization, most still rely on non-trivial preprocessing steps and are not truly
free of any setup phase. More critically, their per-interaction latency remains
significantly higher than that of optimization-based approaches, which bene-
fit from precomputed features. For example, GaussianCut [12] performs online
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Fig. 2: The pipeline of SAGO. Following user input, SAGO launches virtual drones
in both clockwise and counter-clockwise directions from the interaction viewpoint to
explore Next-Best-Views. Each newly captured view provides a segmentation mask
that effectively filters out background Gaussians via Mask-shaped Frustum Filtering
(MFF), with the process repeating until full coverage is achieved.

graph construction, while iSegMan [53] requires online epipolar-guided interac-
tion propagation and visibility-based Gaussian voting—both of which incur con-
siderable computational cost during user interactions. In contrast, our proposed
method introduces the virtual drones and leverages the NBV planning theory to
achieve a completely setup-free pipeline with highly efficient interaction times,
typically under 1 second per interaction.

3 Method

We propose SAGO, an online 3DGS segmentation method based on virtual drone
NBYV planning, enabling interactive segmentation without the need for a time-
consuming setup stage. In this section, we first introduce the relevant knowledge
of 3D Gaussian Splatting (3DGS), particularly the geometric projection of 3D
Gaussians onto the 2D plane, which allows us to use 2D masks for background
filtering, forming the theoretical basis for our online segmentation method. Next,
we will detail the state initialization process and the online view planning and
state update mechanism, which are core components of our method.

3.1 Preliminary: 3D Gaussian Splatting

3D Gaussian Splatting (3DGS) [14] has emerged as a prominent approach for
real-time novel view synthesis, representing scenes using a collection of explicit
3D Gaussians, achieving an excellent trade-off between rendering quality and
speed. A set of pretrained 3D Gaussians G = {G;}}¥, is obtained by optimizing
the parameters of the Gaussians through differentiable rendering techniques.
Each Gaussian G is parameterized as G; = {x;,q, si,¢;,0;}, where z; € R3



Online Segment 3D Gaussians via Launching Virtual Drones 5

is the 3D position, ¢; € R?* is the quaternion representing the rotation, s; €
R3 is the scale, ¢; € R* is the view-dependent color represented by three-
order spherical harmonics [9], and o; € R is the opacity. Based on their role
in 3D segmentation, Gaussian attributes can be categorized into two groups:
geometric attributes (position, covariance (including rotation and scaling))
and appearance attributes (color and opacity). Geometric attributes can serve
as a discriminative basis for distinguishing the foreground from the background,
while appearance attributes provide extra semantic information to distinguish
different instances. In the rendering stage, the 2D covariance matrix X?P of a
Gaussian G; can be computed as follows:

220 — W (R;S;SFRIYWT JT, (1)

where R; is the rotation matrix derived from the quaternion g;, .S; is the diagonal
matrix of the scale s;, W is the projection matrix, and J is the Jacobian matrix
of the projection. The 2D covariance X2P represents the i-th Gaussian’s shape
in the 2D plane, and the projected center of the Gaussian is given by 2?0 =
project(x;). Thus, the i-th Gaussian can be projected onto the 2D plane as an
ellipse (referred to as a "splat"), defined by {z?P, X2P}. This projection allows
us to leverage 2D masks to inform the segmentation of the 3D Gaussians (see
Fig. 3), forming the basis for our online segmentation pipeline.

3.2 Overview

Problem Definition. Given a set of 3D Gaussians G representing a scene and
a user-provided prompt (e.g., point clicks, scribbles, or text) on a 2D view,
interactive 3D segmentation aims to partition G into two disjoint, non-empty
subsets A and B. Here, A represents the Gaussians corresponding to the target
object (the foreground), while B represents the background, such that AUB = G
and AN B = . This can be formulated as:

A, B = segment (G, prompt). (2)

Overall pipeline. As shown in Fig. 2, we model the interactive 3D segmenta-
tion process as an NBV planning problem for virtual drones, where the state
at each time step t is represented as S;. The virtual drones explore the pre-
defined search space to find optimal views for segmentation. At each new view,
a segmentation mask is generated via SAM, which is then used to filter out back-
ground Gaussians. With the updated segmentation results, the state is updated
and the next NBV is planned, iterating until full coverage of the target object is
achieved. The core components of this pipeline include state initialization, NBV
planning, and state update, which will be detailed in the following sections.

The key notations used in this paper are summarized in Tab. 1 for clarity
and reference throughout the subsequent sections.
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Table 1: A list of key notations used in this

paper.

Symbol Description at Step t O Q
A® B®  Foreground/background subsets at step t /

St Segmentation state at step t % i

M, Segmentation memory bank at step ¢ O

Tt Coverage indicator at step ¢ ﬁ O

Vi Camera pose of virtual drone at step ¢ J

ct Target center/the point virtual drones look at Mask confour on the 2D plane

T The distance between c; and the virtual drone

N The yaw angle of the virtual drone at step ¢ Fig. 3: Mask-shaped Frustum

0; The pitch angle of the virtual drone at step ¢ Filtering (MFF) illustration.

3.3 State Initialization

We leverage virtual drone Next-Best-View (NBV) planning to address the online
3DGS segmentation problem, which can be modeled as a Markov process where
the next state depends only on the current state. Starting from an initial 2D user-
prompted view, which serves as the virtual drone’s origin, we iteratively plan a
sequence of NBVs. At each new viewpoint, a segmentation mask is generated
via SAM with memories saved from previous states to filter out background
Gaussians, continuing until full coverage is achieved. We define the state at each
step using a four-tuple of variables: the current set of foreground Gaussians
A® | the virtual drone’s pose v;, a memory bank M, for SAM tracking, and
a coverage indicator 7. The drone’s pose is represented in an object-centric
spherical coordinate system, consisting of the target center c;, radius r¢, yaw ¢y,
and pitch ;. This can be formulated as:

St = {A(t),Vt,Mt,Tt},

vi = {ct, 7, 01, 0¢ ) )
According to Eq. (3), we can initialize the state Sy = {A©®), v, Mo, 7o}. The
initial virtual drone pose v is derived from the camera pose of the interaction
viewpoint with yaw ¢q set to 0, and 79 is set to 0 initially. The memory bank M
is initialized via a SAM memory encoder [34] based on the user’s prompt. The
initial foreground Gaussian set A is a subset of G, with a part of background
Gaussians pruned by mask-shaped frustum filtering based on the initial mask.
Mask-shaped Frustum Filtering (MFF). The 2D mask on each view can
be used to filter out certain background Gaussians, and we call this process
mask-shaped frustum filtering. Specifically, as shown in Fig. 3, we project each
Gaussian onto the 2D plane and check its spatial relationship with the mask
region. If the Gaussian is determined to overlap with the mask, we consider it as
a potential foreground candidate and include it in A. Otherwise, we classify it as
background set B and exclude it from the foreground set. This filtering process
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helps to reduce the number of Gaussians that need to be considered in subsequent
iterations, improving the efficiency of the online segmentation process. The MFF
in each view can exclude a group of Gaussians AA from the foreground set A
to the background set B, which can be formulated as:

AWD = A® _ AAD)

B — g L AA®) (4)

MFF can be implemented in two ways: center-based MFF and splat-based
MFF. Center-based MFF directly projects the center of each Gaussian onto
the 2D mask, classifying it as background if the center falls outside the mask.
Splat-based MFF, on the other hand, projects each Gaussian as a splat and
classifies it as foreground if there is any overlap between the splat and the mask;
otherwise, it is classified as background. We adopt the center-based MFF in our
implementation for its simplicity and efficiency, and the performance is even
better (see Sec. 4.5).

3.4 Online NBV Planning and State Update

As illustrated in Fig. 2, we launch two virtual drones simultaneously from the
interaction viewpoint, exploring NBVs in both clockwise and counter-clockwise
directions. Each drone is responsible for exploring a 180-degree yaw range. Due
to the symmetry of the two trajectories, we demonstrate the update process
of one trajectory, which will be explained in the following using the clockwise
direction as an example (see Fig. 4).

To reach a full coverage of the target object, we leverage an object-centric
spherical coordinate system for NBVs planning. The camera pose of the virtual
drone at step ¢ is represented as vy = (ct, 7y, P, 0:), where c; is the target
center that the virtual drone looks at, r; is the distance between c¢; and the
virtual drone, ¢; is the yaw angle of the virtual drone at step t, and 6, is the
pitch angle. The target center c; is initialized as the average of the 3D positions
of the Gaussians that are projected inside the initial mask mg at step 0, and is
updated as the average of the 3D positions of the currently segmented foreground
Gaussians A~V at step ¢ (if t > 2), as follows:

1 .
|)(r7 Z Z, lft:(),l,

eproj(mo) | 2€ X reproj(mo)

1 .
m Z Z, lftZQ,

zEX ,(t-1)

Cy =

()

where X denotes the 3D positions of Gaussians or 3D points. Eq. (5) actu-
ally determines the geometric centroid or 3D location of the target object, and
the centroid c; acts as the origin of the spherical coordinate system for NBV
planning. In the initial stage, our method can estimate the centroid c¢; roughly
through the 3D points obtained by depth back-projection of the 2D mask from



8 L. Liao et al.

User Interaction [ Virtual Drone ----» Next-best-view Planning | Mask-shaped Frustum

(3] e
| o FG prompt . .

~
$=0° = 90° ¢ =180°

Fig. 4: The illustration of NBV-based online 3D segmentation (clockwise direction).

the initial view, which usually has a certain offset and lies near the surface of
the object. The offset always leads to the object being not well centered in the
next viewpoint when the yaw span is too large. But when the foreground set A
is updated closer to the ground truth, the centroid c¢; can be updated to be more
accurate using the mean of the 3D positions of the current A®).

The radius r; is initialized to a fixed value that is the distance between the
target center c; and the start point of the virtual drones, and remains constant
during the state update process to make the virtual drone maintain a consistent
distance from the target object.

The yaw angle ¢; controls the horizontal circular motion of the virtual drone,
starting at an initial value of 0°. When ¢; reaches 360°, the virtual drone com-
pletes a full revolution around the object and returns to its starting position. In
our setup, the clockwise direction is defined as ¢ increasing from 0° to 180°.

The pitch angle 0; governs the vertical movement of the virtual drone, en-
abling it to explore different elevations around the target object and thereby
achieve more comprehensive segmentation coverage. This angle is constrained to
the interval [0°,90°].

Since 7; remains constant and c; is deterministically computed from the cur-
rent foreground set, our NBV planning primarily focuses on determining the
optimal yaw angle ¢; and pitch angle 6; at each time step. We employ an
Exploration-Evaluation (EE) strategy to determine the next angles ¢;1
and 6,11 for the virtual drone, and set the search space for NBV planning as
candidate sets @ = {90°,60°,30°} and @ = {6y, 0°,30°,60°} for yaw and pitch
angles, respectively. At time step ¢, the virtual drone searches over candidate
combinations of A¢ € @ and 0 € O to select the optimal pose as the next-best
view (NBV) v;11 and navigates to this position. We use v = {c;, r4, ¢ + Ao, 0}
to denote the candidate pose that is selected as the NBV, which can be formu-
lated as:

v* =arg max |[AA'(v)| st mIoU(I(vO,A(t) — AA'(v)),mg) > o, (6)

V(ag,0)

where

AA = MFF(SAM(Z (v, AD), M,), AD). (7)
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Eq. (7) denotes the action of segmentation that finds the change in the fore-
ground Gaussian set A after performing Mask-shaped Frustum Filtering (MFF)
based on the segmentation mask obtained from SAM with memory M, at the
candidate view Z(v, A®")). Eq. (6) formulates the NBV planning as an opti-
mization problem that aims to find the candidate view v that maximizes the
number of Gaussians that can be filtered out as background (i.e., |AA’|) while
ensuring that the segmentation result of the candidate view maintains a certain
level of consistency with the initial mask mg as measured by mIoU (o denotes
the mIOU threshold), which helps to avoid cascading over-segmentation errors
along the Markov chain. As illustrated in Fig. 4, starting from ¢ = 0°, the virtual
drone first attempts a large yaw increment of 90°. If SAM successfully tracks the
target, it flies directly to ¢ = 90° for state update. Otherwise, it falls back to a
smaller increment of 60° and finally to 30°. In the case of successful tracking at
each step, the virtual drone can achieve full coverage with only two exploration
steps, which makes our NBV-based online segmentation efficient.

State Update. After the NBV v, is selected (viy; = v*), the virtual
drone navigates to this new position and captures a new view of the scene.
The segmentation mask obtained from SAM at this new viewpoint is then used
to update the foreground Gaussian set A and the background Gaussian set
B through MFF. This process effectively refines the segmentation by filtering
out additional background Gaussians based on the new view, and updates the
state of the system for the next iteration of NBV planning. We refer to this
iterative process of updating the segmentation state based on new views as
State Update, which is crucial for achieving full coverage of the target object
through successive NBV explorations. The core variables in state S;11 can be
updated as follows:

A(t+1) = A(t) - A-A(V*>7 Vil = V*a Mt+1 = Mt + M(V*7 Mt)a (8>

where M(v*, M;) means the new memory generated by SAM [34] at the new
view v*, and AA(v*) is the change in the foreground Gaussian set after MFF
based on the new mask obtained from SAM at the NBV v*. The coverage indi-
cator Ty11 = (¢ + Ap)/180° for a single direction virtual drone.

4 Experiments

4.1 Experimental settings

Datasets. To evaluate the effectiveness of our approach, we collect 3D scenes
from multiple sources that encompass the majority of existing 3DGS segmenta-
tion datasets, including SPIn-NeRF [30], NVOS [35], LLFF [29], 3D-OVS [25],
LERF-Mask [15], MipNerf-360 [1], T & T [17], and PKU-DyMVHumans [56].
These datasets serve as the basis for our qualitative analysis. For quantitative
comparison, we utilize SPIn-NeRF, NVOS, 3D-OVS, and LERF-Mask.
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Fig. 5: Online segmentation results of SAGO on the Figurines scene. The granularity
is simply determined by the initial mask obtained via SAM prompted by the user, and
the segmentation is iteratively refined through NBV-based online updates.

Implementation Details. We employ SAM2 [34] as our segmentation and
tracking agent. The rendering resolution of each virtual drone viewpoint is set
to 512 x 512, which matches the input resolution used by SAM2. The search
space consists of yaw increments A¢ € {90°,60°,30°} and pitch angles 6 €
{6p,0°,30°,60°}. We use Grounding-DINO [26] to transform the text prompt to
a bounding box when using text prompts. All experiments are conducted on a
single NVIDIA RTX 4090 GPU.

4.2 Qualitative Results

A key advantage of our method is that it does not need a time-consuming setup
stage before performing online segmentation. We provide sufficient qualitative
results in Fig. 5 and Fig. 6 to demonstrate this advantage and generalization
capacity of our method across various scenes and datasets.

Fig. 5 illustrates the online segmentation results of SAGO on the Figurines
scene. The granularity of segmentation is determined by the initial mask ob-
tained via SAM prompted by the user, and the segmentation is iteratively refined
through NBV-based online updates. Fig. 6 further tests the generalization capac-
ity of SAGO by applying it to ten scenes from five different datasets, performing
online segmentation of the main objects without any scene-specific setup. The
average segmentation latency per interaction is 500 ms, demonstrating the effi-
ciency and adaptability of our method across diverse scenarios.
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Fig. 6: Generalization test of SAGO. We select 10 scenes from 5 datasets [1, 15,
17,29,35] and apply SAGO to segment the object described by the user via prompts
like clicks, a box and text. The average segmentation latency per interaction is 500 ms.

Table 3: Quantitative comparison on

LERF-Mask (mIoU 1).

Method Figurines Ramen Teatime Average
Lerf [15] 33.5 28.3 49.7 37.1
Gau-Group [48] 69.7 77.0 7.7 66.1
OmniSeg3D [49] 87.1 773 73.8 79.4
ClickGaussian [6] 93.2 90.9 83.2 89.1
Ours 93.9 90.6 88.6 91.0

4.3 Quantitative Comparison
We perform quantitative comparisons
on four mainstream datasets (LERF-
Mask [15], 3D-OVS [25], SPIn-
NeRF [30], and NVOS [35]), with ad-
ditional efficiency analysis on NVOS
and SPIn-NeRF. As shown in Tabs. 2
to 4, by comparing with current state-
of-the-art (SOTA) methods, our ap-
proach achieves comparable—or even
superior—performance in both mloU
and mAcc, without requiring any
scene-specific setup.

Table 4: Quantitative comparison
on 3D-OVS dataset (mIoU 7).

Method bed bench room sofa lawn mean
LERF [15] 73.5 53.2 46.6 27.0 73.7 54.8
3D-OVS [25] 89.5 89.3 92.8 74.0 83.2 86.8
LangSplat [32] 92.5 94.2 94.1 90.0 96.1 93.4

N2F2 [2] 93.8 92.6 93.5 92.1 96.3 93.9
SAGA [4] 97.4 954 96.8 93.5 96.6 96.0
Ours 98.5 96.6 95.7 94.3 95.9 96.2

SAGA Ours

¢p
7 e 2w

Fig. 7: Comparison to SAGA [4], the mile-
stone of offline methods.
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Method Type SPIn-NeRF NVOS Time
mloU mAcc mloU mAcc  Setup Seg.

MVSeg [30] Offline  90.4 98.8 - - - -
NVOS [35] Offline - - 701 92.0 - -
ISRF [10] Offline  71.5 95.5 83.8 96.4 - -
SA3D [5] Offline  91.9 98.8 90.3 98.2 275m 15730s
LangSplat [32] Offline  69.5 94.5 74.0 94.0 ~2.5h -
SAGA [4] Offline = 93.4 99.2 92.6 98.6 ~1h 10ms
Flashsplat [37] Online - - 91.8 98.6  30760s 172s
iSegMan [53] Online  92.4 99.1 92.0 98.4  50s790s 47 6s

GaussianCut [12] Ounline  92.9 99.2 92.5 98.4 N/A 40760s

Ours Online  92.5 99.3 92.7 98.7 N/A 0.470.9s

Table 2: Comparison of interactive 3D segmentation on SPIn-NeRF [30] and
NVOS [35]. First , second , and third best results are highlighted.

Results on SPIn-NeRF and NVOS. As shown in Tab. 2, on the NVOS
dataset, our method achieves the best mIoU of 92.7% and mAcc of 98.7%, out-
performing all compared methods including both offline and online approaches.
Compared to the offline method SAGA [4], which requires approximately 1
hour of setup time for feature distillation, our method improves mIoU by 0.1%
and mAcc by 0.1% on NVOS without any setup overhead. On SPIn-NeRF, our
method achieves 92.5% mloU and the highest mAcc of 99.3%, ranking second
and first respectively, closely matching the best offline method SAGA (93.4%
mloU). Compared to online methods, our approach surpasses iSegMan [53] by
0.1% mloU and 0.2% mAcc on SPIn-NeRF, and by 0.7% mloU and 0.3% mAcc
on NVOS, while being significantly faster. Notably, in contrast to the existing
setup-free SOTA method GaussianCut [12], our method improves mIoU by 0.2%
and mAcc by 0.3% on NVOS, and achieves comparable mIoU with 0.1% higher
mAcc on SPIn-NeRF, while reducing segmentation time from 40760 seconds to
0.470.9 seconds, achieving a speedup of over 50x.

Results on LERF-Mask. As shown in Tab. 3, our method achieves the highest
average mloU of 91.0% across the three scenes, surpassing ClickGaussian [6] by
1.9%. In particular, our method obtains the best performance on the Figurines
(93.9%) and Teatime (88.6%) scenes, with significant improvements of 5.4%
over ClickGaussian on Teatime. On the Ramen scene, our method achieves a
competitive 90.6%, closely matching the best result of 90.9%.

Results on 3D-OVS. As shown in Tab. 4, our method achieves the highest
mean mloU of 96.2%, outperforming the previous best method SAGA [4] by
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Fig. 8: Online Editing 3DGS via SAGO. SAGO enables editing on a raw 3DGS
scene in test-time.

0.2%. Specifically, our approach achieves the best results on three out of five
scenes (bed: 98.5%, bench: 96.6%, sofa: 94.3%), and remains highly competitive
on the remaining two scenes.

4.4 3D Assets Extraction and Online Editing

The core advantage of our method is its ability to extract 3D assets and perform
online editing. Our method extracts user-specified 3D assets from a raw 3DGS
scene in the shortest time (less than 1 second), and after the extraction is com-
pleted, users can directly perform online editing on these 3D assets. As shown
in Fig. 8, we demonstrate the editing results of SAGO on the Figurines scene.
After extracting the 3D asset of the leftmost figurine, we perform online edit-
ing operations such as relocation, removing, combination, copying on this asset,
showcasing our method as a powerful tool for interactive 3D content creation
and manipulation in 3DGS scenes.

4.5 Ablation Study

NBYV strategy vs. Real views. The motivation behind our virtual drone
strategy is to explore the Next-Best-View (NBV) for online segmentation, while
the real views are the actual camera views in the original 3DGS scene. To vali-
date the effectiveness of our NBV strategy, we compare it against using only real



14 L. Liao et al.

NBV Cen‘i\irls-‘;ased mIOU
LERF-Mask NVOS SPIn-NeRF 3D-OVS
v v 91.0 92.7 92.5 96.2
v 36.7 (-54.31) 89.1 (-3.61) 90.1 (-2.41) 91.6 (-4.61)
v X 90.4 (-0.61) 92.5(-0.2]) 91.1 (-1.4]) 96.0 (-0.21])

Table 5: Ablation study on multiple datasets.

views from the original scene. As shown in Tab. 5, removing the NBV strategy
(NBV X) causes a dramatic performance drop across all datasets, with LERF-
Mask (complex and heavy occlusion) dropping by 54.3% mloU to 36.7%, NVOS
by 3.6%, SPIn-NeRF by 2.4%, and 3D-OVS by 4.6%. This demonstrates that
virtual drone viewpoints generated by our NBV strategy are crucial for explor-
ing occluded regions and improving segmentation accuracy beyond what real
views alone can provide. The more complex the scene and heavier the occlu-
sion, the more significant the performance drop without NBV, highlighting the
importance of our NBV strategy in challenging scenarios.

Splat-based MFF vs. Center-based MFF. Mask-shaped Frustum Filtering
(MFF) filters out the background Gaussians based on the 2D mask at each
state. We compare our center-based MFF with a splat-based MFF that retains
Gaussians whose splats have any overlap with the 2D mask. As shown in Tab. 5,
removing the center-based MFF (Center-based MFF X) results in a performance
drop across all datasets, with LERF-Mask dropping by 0.6% mloU, NVOS by
0.2%, SPIn-NeRF by 1.4%, and 3D-OVS by 0.2%. Although the performance
drop is not significant, the center-based MFF is computationally simpler, which
is why we adopt it in our implementation.

5 Conclusion

In this paper, we present SAGO, a novel setup-free framework for interactive seg-
mentation of 3D Gaussians. Central to our approach is the introduction of vir-
tual drones, a key innovation that reformulates the 3D segmentation problem
as a multi-step online Next-Best-View (NBV) planning task. By leveraging vir-
tual drones and NBV planning, SAGO effectively eliminates the time-consuming
per-scene setup required by existing methods, while maintaining practical inter-
action times (typically within 1 second).

Limitations. (1) The center-based MFF takes each Gaussian’s center as a repre-
sentative point. Since Gaussians typically have volume and cannot be treated as
ideal points, SAGO currently cannot address jagged boundaries. However, this
does not pose a barrier to subsequent work based on SAGO, as online boundary
trimming methods such as GaussianTrimmer [24] can be introduced to improve
boundary segmentation performance. (2) SAGO requires a high-quality initial
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view for effective state initialization, which may restrict its applicability when the
initial view is suboptimal or unavailable. Future work could investigate strategies
for using v-drones to actively explore an optimal initial view.
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