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Abstract

Recent advances in intuitive 3D segmentation from 2D im-
ages have demonstrated impressive performance. However,
current models typically require extensive scene-specific
training to accurately reconstruct and segment objects,
which limits their applicability in real-time scenarios. In
this paper, we introduce WildSeg3D, an efficient approach
that enables the segmentation of arbitrary 3D objects across
diverse environments using a feed-forward mechanism. A
key challenge of this feed-forward approach lies in the accu-
mulation of 3D alignment errors across multiple 2D views,
which can lead to inaccurate 3D segmentation results. To
address this issue, we propose Dynamic Global Aligning
(DGA), a technique that improves the accuracy of global
multi-view alignment by focusing on difficult-to-match 3D
points across images, using a dynamic adjustment function.
Additionally, for real-time intuitive segmentation, we intro-
duce Multi-view Group Mapping (MGM), a method that uti-
lizes an object mask cache to integrate multi-view segmen-
tations and respond rapidly to user prompts. WildSeg3D
demonstrates robust generalization across arbitrary scenes,
thereby eliminating the need for scene-specific training.
Specifically, WildSeg3D not only attains the accuracy of
state-of-the-art (SOTA) methods but also achieves a 40×
speedup compared to existing SOTA models. Code will be
released at https://github.com/Ethan16162/WildSeg3D.

1. Introduction

Intuitive 3D segmentation from 2D images plays a critical
role in 3D scene understanding and remains a fundamental
challenge in computer vision, attracting significant attention
from the research community [11, 18, 21, 38, 47–49]. This
technology has broad applications across various fields, in-
cluding virtual and augmented reality, real-time intuitive
systems, and automatic labeling. Recent advancements in
intuitive 3D segmentation have demonstrated remarkable
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performance, particularly based on Neural Radiance Fields
(NeRF) [33] and 3D Gaussian Splatting (3DGS) [17]. For
instance, models such as SA3D [4] and SANeRF-HQ [27]
integrate NeRF with foundational segmentation models like
Segment Anything Model (SAM) [19], aligning seman-
tic information with 3D representations to enable effec-
tive 3D object segmentation. Similarly, 3DGS-based ap-
proaches [5, 15, 40, 59, 67] address the high training de-
mands of NeRF by constructing Gaussian feature fields in
combination with SAM, facilitating faster model training.
However, both NeRF-based and 3DGS-based methods typ-
ically rely on extensive scene-specific training to obtain ac-
curate 3D priors, which significantly hinders their applica-
bility in real-time scenarios.

To overcome this limitation, we propose WildSeg3D, a
novel approach with a feed-forward manner, eliminating the
need for scene-specific training. Inspired by Dust3r [51]
and Mast3r [24], our feed-forward approach represents 3D
scenes as pointmaps and performs scene reconstruction via
global alignment. A key challenge in this process is the in-
fluence of redundant background points and the difficulty
of matching 3D points across different views, which ac-
cumulates 3D alignment errors across multiple 2D views.
This can lead to inaccurate 3D segmentation with confusion
between background and target objects. To address this,
we introduce Dynamic Global Alignment (DGA), a method
that dynamically adjusts attention on view-specific points
during matching, minimizing alignment errors during the
global registration of pointmaps across multiple views.
For real-time intuitive segmentation, we also propose a
mask cache constructed during preprocessing, leveraging
the multi-frame segmentation capabilities of SAM2 [43].
This cache stores consistent object masks across all view-
points, providing offline data that can be used for subse-
quent real-time segmentation. We further introduce Multi-
view Group Mapping (MGM), which combines the mask
cache with the DGA strategy to integrate multi-view seg-
mentation results into an aligned global coordinate system.
The MGM module retrieves target feature points from the
mask cache based on user inputs and generates a unified 3D
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Figure 1. Framework of WildSeg3D. WildSeg3D operates in three stages. First, during the pre-processing stage, 2D feature masks are
constructed from multi-view images using SAM2, providing offline support for intuitive segmentation. Second, in the Dynamic Global
Alignment (DGA) stage, a dynamic weight adjustment strategy is applied to achieve global alignment of the pointmaps generated by
MASt3r, thereby improving the accuracy of object reconstruction. Finally, in the Multi-view Group Mapping (MGM) stage, multi-view
masks for the target are retrieved from the mask cache based on user input, and these masks are transformed into an aligned 3D space in
real time, where ”P2W” refers to the transformation from pixel coordinates to the aligned world coordinates.

mask for the target across all viewpoints.
WildSeg3D demonstrates robust generalization across

diverse scenes, transforming 2D target masks into an
aligned 3D space, thus enabling accurate 3D segmenta-
tion without the need for scene-specific training. We
conduct extensive experiments on WildSeg3D using com-
plex real-world scenes to evaluate both segmentation ac-
curacy and efficiency. Our results show that WildSeg3D
not only matches the accuracy of state-of-the-art (SOTA)
methods [4, 5, 11, 35, 44, 45, 48, 61] but also achieves a
40× speedup compared to the SOTA models. Specifically,
WildSeg3D completes scene reconstruction in under 30 sec-
onds, a significant reduction compared to the fastest model,
SA3D, which requires 780 seconds. Additionally, real-time
interaction results are delivered in just 5-20 milliseconds.

Our main contributions can be summarized as follows:
• We introduce WildSeg3D, the first feed-forward 3D seg-

mentation model that operates directly from 2D views,
eliminating the need for scene-specific training and en-
abling immediate segmentation of arbitrary 3D objects in
diverse environments.

• we propose Dynamic Global Alignment (DGA), a novel
method for addressing 3D alignment errors and enhanc-

ing segmentation accuracy. We also propose Multi-view
Group Mapping (MGM) that enables real-time intuitive
3D segmentation with robust generalization across di-
verse scenes.

• Extensive experiments on complex real-world scenes
demonstrate that WildSeg3D achieves both high segmen-
tation accuracy and significant efficiency, processing 2D
views to 3D segmentation over 40× faster than exisiting
SOTA models.

2. Related Work

2.1. 2D Image-based 3D Reconstruction
Recent advancements in image-based 3D reconstruction us-
ing neural networks have led to significant progress. In-
novations like Neural Radiance Fields (NeRF) [33] have
shown strong performance in generating realistic novel
viewpoints for view synthesis. However, their reliance on
neural networks leads to long training and rendering times.
To improve surface reconstruction, [10, 13, 28, 50, 55]
leverage the signed distance function (SDF) for surface rep-
resentation and introduce an innovative volume rendering
technique to learn an SDF model. Kerbl et al. intro-
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duced 3D Gaussian Splatting (3DGS) [17], which provides
an explicit representation of 3D scene information, bypass-
ing the time-consuming implicit reconstruction process of
NeRF via MLP. Some studies [16, 18, 40, 41, 59, 67],
incorporate semantic information into 3DGS, equipping
it with semantic awareness through training. Other re-
searches [30, 52, 56–58] extend 3DGS by incorporating
deformation fields to track the positions of 3D Gaussians
at each timestamp, capturing dynamic 3D environments.
DUSt3R [51] presents a novel approach for dense, uncon-
strained 3D reconstruction from arbitrary image collections
without requiring camera calibration or viewpoint poses,
unlike 3DGS and NeRF, which depend on dense viewpoints
for scene construction. Building on DUSt3R, MASt3R [24]
reframes image matching as a 3D task, achieving superior
3D reconstruction performance. We extended MASt3R’s
feed-forward mechanism to enable 3D scene perception and
address alignment errors.

2.2. 2D Foundation Models
Foundation models (FMs) have emerged as a transforma-
tive paradigm in AI. These models are typically trained on
extensive datasets, possess a large number of parameters,
and demonstrate adaptability across a broad spectrum of
downstream tasks. Specifically, 2D visual foundation mod-
els (VFMs) [12, 19, 25, 37, 42, 43, 54] have gained signifi-
cant attention due to their ability to process and understand
visual data. Kirillov et al. proposed the Segment Anything
Model (SAM) [19], a 2D segmentation foundation model
for prompt-based segmentation. SAM generates segmen-
tation masks based on prompts that identify target objects
in an image, allowing it to generalize across unseen cat-
egories. As the successor to SAM, Segment Anything 2
(SAM2) [43] unifies video and image segmentation by uti-
lizing a larger training dataset and incorporating architec-
tural enhancements to improve performance across a wide
range of tasks. Our method leverages SAM2 to segment
2D images, maintaining consistent masks across multiple
viewpoints, thereby addressing the challenges of real-time
3D intuitive segmentation.

2.3. Intuitive 3D Segmentation
Few approaches [11, 16, 22, 23, 39, 63] support intuitive
segmentation directly in 3D space. For example, [22]
directly segment 3D point clouds based on user clicks.
Meanwhile, representations in 2D image-based 3D recon-
struction have driven progress in intuitive 3D segmenta-
tion from 2D images. Inspired by the advancements in
3D Neural Scene Representation [17, 33], several studies
[2, 4, 7, 26, 36, 46, 62, 64] have explored 3D segmenta-
tion within these frameworks. With SAM [19], SA3D [4]
proposed an automatic strategy for cross-view prompt col-
lection, leveraging SAM to obtain 2D masks and guide 3D

feature training. Within the context of 3DGS, Feature3DGS
[67] converts features from SAM’s encoder into 3D space
and uses SAM’s decoder to generate masks. Mask-lifting-
based methods directly map 2D segmentation masks from
SAM into 3D space. Notable examples include SAGA [5],
Gaussian Grouping [59], SAGS [15], Click-Gaussian [8],
and FlashSplat [45]. These approaches computational costs
of feature-to-mask conversion but still suffer from slow re-
constructing. Our method distinguishes itself by achieving
feed-forward segmentation, without scene-specific training.

3. Methods
3.1. Preliminary: Feed-Forward Mechanism
The feed-forward mechanism for 3D scene reconstruction
was initially proposed in DUSt3R [51] and further refined
in MASt3R [24]. Unlike methods such as NeRF [33] and
3DGS [17], which require scene-specific pre-training, the
feed-forward approach enables general 3D scene recon-
struction through two key steps: pointmap prediction and
global alignment.
Pointmap Prediction. The process of pointmap pre-
diction can be described as a network function F :
(In, Im) → (Xn,e, Cn,e, Fn,e, Xm,e, Cm,e, Fm,e), the in-
puts are two RGB images In, Im ∈ RW×H×3 from dif-
ferent views of the scene, the outputs include two cor-
responding pointmaps, Xn,e, Xm,e ∈ RW×H×3, confi-
dence maps Cn,e, Cm,e ∈ RW×H , and dense local features
Fn,e, Fm,e ∈ RW×H×d. Note that e = (n,m) refers to
the image pair formed by In and Im, and both pointmaps
are positioned in the camera coordinate system of In. The
predicted pointmaps locate the 3D positions for every pixel
of the input 2D images.
Global Alignment. Global alignment is used as a post-
process that optimizes the pointmaps from multiple views
into an aligned 3D coordinate system. Given a set of im-
ages

{
I1, I2, ..., IN

}
from a scene, a connectivity graph

G = (V, E) is constructed, where the vertices V represent
the N images, and each edge e = (n,m) ∈ E connects an
image pair In and Im. By traversing the connected graph G,
globally aligned pointmaps

{
χn ∈ RW×H×3

}
are recov-

ered for all pixel coordinates (i, j) ∈ {1...W} × {1...H}
and all cameras for different views n = 1, . . . , N . The
global optimization process is formulated as follows:

χ∗ = arg min
χ,P,σ

∑
e∈E

∑
v∈e

HW∑
i=1

Cv,e
i ∥χv

i − σePeX
v,e
i ∥ , (1)

where Pe ∈ R3×4 represents the pairwise pose, which
is a rigid transformation used to align the pointmaps
Xn,e, Xm,e with the world-coordinate pointmaps χn, χm.
Additionally, σe is a scale factor, subject to the constraint
that

∏
e σe = 1 for all e ∈ E .
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3.2. Task Formulation: Segment with Pointmaps
Although the feed-forward approach offers the advantage
of generalizing across various scenes without the need for
scene-specific pre-training, its application to 3D segmenta-
tion often results in lower accuracy. This is primarily due to
the accumulation of 3D alignment errors during the global
alignment stage. Given multiple 2D images from different
viewpoints and a user-provided prompt specifying a target
object in 2D, our task is to optimize the alignment of 3D ob-
ject segmentation across these views. The goal is to trans-
form the 2D object masks, related to the provided prompt,
into an aligned 3D space. Two key challenges need to be
addressed in this task: (1) obtaining real-time segmenta-
tion masks of the target across all viewpoints based on user
prompts, and (2) refining the alignment loss function to en-
hance segmentation accuracy, which requires a strategy to
minimize discrepancies between predicted pointmaps from
multiple views and globally aligned pointmaps.

3.3. WildSeg3D
As illustrated in Figure 1, WildSeg3D is a feed-forward
framework designed for real-time intuitive 3D segmentation
from 2D views. The framework operates in three stages:
2D mask pre-processing, 3D point dynamic global align-
ment, and multi-view group mapping. In the 2D mask
pre-processing stage, segmentation masks are generated by
SAM2 from the input multi-view images and stored in a
mask cache for efficient access during real-time segmenta-
tion. In the 3D point dynamic global aligning stage, the
proposed DGA refines the alignment of 3D pointmaps by
focusing on challenging pixel correspondences across dif-
ferent views. This approach ensures more accurate 3D
scene reconstruction by addressing misalignments caused
by complex or occluded regions. In the multi-view group
mapping stage, the stored masks are retrieved from the mask
cache and the transform matrix learned through DGA is ap-
plied to map the multi-view pointmaps into an aligned 3D
coordinate system in real time. This process allows for the
accurate 3D segmentation results based on user prompts.

3.3.1. 2D Mask Pre-processing
In the 2D mask pre-processing stage, we eliminate the need
for online computation during 2D segmentation by intro-
ducing a mask cache, enabling rapid, accurate segmenta-
tion across multiple viewpoints. First, by leveraging the
video tracking capabilities of SAM2, we perform panop-
tic segmentation on a single viewpoint, generating precise
masks for each target object within the scene. These object
masks are then stored offline in the mask cache, creating a
repository of segmentation data that can be efficiently ac-
cessed during real-time processing. In subsequent stages,
these pre-generated masks serve as accurate prompts for
SAM2’s tracking functionality, allowing consistent tracking

and segmentation of each object across multiple viewpoints
in later frames. This approach ensures continuity and co-
herence in the segmentation process, even as the viewpoint
changes. By pre-generating and storing the masks offline,
the mask cache reduces the computational burden at run-
time. Furthermore, this offline caching mechanism not only
accelerates the segmentation process but also enhances its
robustness.

3.3.2. 3D Point Dynamic Global Aligning
While the segmentation masks from the first step can be
globally aligned to unify the 3D pointmaps into a sin-
gle world coordinate system, challenges remain in achiev-
ing precise 3D segmentation across different viewpoints.
Specifically, misalignment and loss of detail can occur
due to cluttered and inconsistent backgrounds in images
from various viewpoints, weakening the alignment of tar-
get objects during the global alignment process. To address
these issues, we propose the Dynamic Global Aligning
(DGA) method, which introduces soft masks to minimize
background interference and dynamically adjusts aligning
weights. This adjustment enhances the focus on challeng-
ing sample points, thus improving the overall alignment ef-
fectiveness for the target objects.
Soft-mask and Confidence Aggregation. As described
in Eq. 1, the original global alignment approach consid-
ers all pixels from all viewpoints for alignment. However,
due to significant background differences between images
from different viewpoints, the alignment process suffers
from two issues: (1) background features are difficult to
be aligned, and (2) the large proportion of the background
in the images weakens the alignment focus on the objects
to be segmented. To mitigate this, we propose to soften
the masks generated by SAM2 and store them in the mask
cache. Concretely, begin by multiplying the confidence of
the pointmaps, C ∈ RW×H , with the corresponding soft
masks, S ∈ RW×H , to obtain a weighted confidence. A
sigmoid function, σ(·), is then applied to the weighted con-
fidence to map it to a confidence score in the range of 0 to
1. For all views v = 1, . . . , N , this process is expressed as
follows:

F v,e
i = σ(Sv

i × Cv,e
i ) =

1

1 + e−Sv
i ×Cv,e

i

, (2)

where F ∈ RW×H represents the adjusted confidence after
applying the soft mask.
Transform Matrix. We initialize a transform matrix for
each view, composed of camera intrinsics, extrinsics, and
depth information, enabling projection from pixel coordi-
nates to world coordinates. Given a 2D point (x, y) from a
single view, with depth map D ∈ RW×H , camera intrinsic
matrix K ∈ R3×3, and extrinsic matrix P, its correspond-
ing 3D point p = (x, y, z)T in world coordinates can be
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(a) Sparse View Reconstruction: horns
Time Cost: 20 s

WildSeg3D (ours)
3D Segmentation: 6 ms

(b) Sparse View Reconstruction: trex
Time Cost: 7 s

(c) Sparse View Reconstruction: orchids
Time Cost: 13 s

(d) Sparse View Reconstruction: fortress
Time Cost: 11 s

WildSeg3D (ours)
3D Segmentation: 12 ms

WildSeg3D (ours)
3D Segmentation: 2.9 ms

WildSeg3D (ours)
3D Segmentation: 8 ms

OmniSeg3D
3D Segmentation: 1400 ms

OmniSeg3D
3D Segmentation: 1500 ms

OmniSeg3D
3D Segmentation: 1800 ms

OmniSeg3D
3D Segmentation: 1400 ms

SAGA
3D Segmentation: 290 ms

SAGA
3D Segmentation: 250 ms

SAGA
3D Segmentation: 240 ms

SAGA
3D Segmentation: 310 ms

SA3D
3D Segmentation: 70000 ms

SA3D
3D Segmentation: 68000 ms

SA3D
3D Segmentation: 31000 ms

SA3D
3D Segmentation: 42000 ms

ISRF
3D Segmentation: 5500 ms

ISRF
3D Segmentation: 3000 ms

ISRF
3D Segmentation: 4300 ms

ISRF
3D Segmentation: 2200 ms

Figure 2. Visualization on the NVOS dataset. (a)-(d) show the sparse view reconstruction and timing results on horns, trex, orchids, and
fortress scenes, including preprocessing and DGA-based scene reconstruction. Target objects for segmentation are marked with red dashed
lines in the first column. From left to right: segmentation results and elapsed time from prompt input to segmentation acquisition across
models.

estimated as:

p = P−1K−1

x ·D(x, y)
y ·D(x, y)
D(x, y)

 . (3)

For all views v = 1, . . . , N , each 3D point χv
i in the

world coordinate, where i ∈ RHW , can be derived using
the above transform matrix.
Dynamic Aligning Loss. To handle challenging target sam-
ple points, we perform point pre-matching on all image
pairs in the connectivity graph G. For each image pair, we
generate a matching map Φv,e ∈ RW×H , which indicates
whether each sample point i ∈ Φv,e has a matched point.
Based on the confidence scores derived from Eq. 2, we de-
fine a dynamic adjustment function as follows:

Av,e
i =

F v,e
i + αv,e

i · F v,e
i · (1− F v,e

i )

1 + |αv,e
i | · F v,e

i · (1− F v,e
i ) + ϵ

, (4)

where F v,e
i · (1 − F v,e

i ) enhances attention on difficult-to-
match points, with confidence scores approaching 0.5, the
axis of symmetry of the quadratic function. The denomina-
tor ensures that the adjusted confidence score Av,e

i remains

within an effective range. The adjustment factor α is de-
fined as:

αv,e
i =

{
αp if Φv,e

i = 1

−αn if Φv,e
i = 0

, (5)

where αp is the positive adjustment factor for matching
points, and αn is the negative adjustment factor for non-
matching points. Both are used to differentiate the weights
between matching and non-matching points.

To map the dynamically adjusted confidence score back
to its original value range, we apply the inverse of the sig-
moid function, σ−1(·), as follows:

W v,e
i = σ−1(Av,e

i ) = − ln(
1

Av,e
i

− 1). (6)

Finally, we compute the L2 distance between pointmaps
of all image pairs and their corresponding pointmaps χv in
world coordinates. The final Dynamic Global Aligning is
defined as:

χ∗ = arg min
χ,P,σ

∑
e∈E

∑
v∈e

HW∑
i=1

W v,e
i ∥χv

i − σePeX
v,e
i ∥ , (7)
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Method Scene-specific training mIoU (%) mAcc (%) Total

NVOS [44]† need 70.1 92.0 -
ISRF [11] need 83.8 96.4 840 s

SGISRF [48]† need 84.5 97.2 -
SA3D [4] need 90.3 98.2 780 s
SAGA [5] need 90.9 98.3 2280 s

OmniSeg3D [61] need 91.7 98.4 8220 s
FlashSplat [45]† need 91.8 98.6 1500 s

WildSeg3D (ours) no need 94.1 99.0 30 s

Table 1. Quantitative results on NVOS dataset. Boldface high-
lights the best results and underline the second-best. “Total” de-
notes the overall time from scene reconstruction to completing an
intuitive 3D segmentation. The symbol † denotes data taken from
the respective references, as the code was not fully released.

Method Scene-specific training mIoU (%) mAcc (%) Time

Single view[4] need 74.6 95.5 -
MVSeg [35] need 90.9 98.9 180-360 s
ISRF [11] need 77.4 93.46 2-3 s
SA3D [4] need 92.4 98.9 120-600 s
SAGA [5] need 88.0 98.5 0.08-0.9 s

OmniSeg3D [61] need 94.3 99.3 1-2 s
WildSeg3D (ours) no need 94.0 98.6 0.005-0.02 s

Table 2. Quantitative results on SPIn-NeRF dataset.

where χv
i is estimated from the transform matrices as de-

scribed in Eq. 3. After the above training, we obtain an
optimized transform matrix for each viewpoint, which can
effectively minimize the aligning errors introduced by the
feed-forward mechanism.

3.3.3. Multi-view Group Mapping
WildSeg3D enables real-time 3D segmentation of target ob-
jects by using single-view prompts as input. To efficiently
map multi-view object masks into an aligned 3D space
based on user prompts, we propose a multi-view group
mapping method designed to optimize mask retrieval and
integration. The process begins by sorting all object masks
within the mask cache for the current viewpoint in ascend-
ing order based on their area, with priority given to smaller,
fine-grained objects. Based on the user’s prompts, we then
sequentially filter the relevant masks from the cache, ap-
pending the corresponding object IDs to the result set O.
Once the relevant masks are identified, we compute the
union of these masks across all viewpoints in the dataset.
Specifically, the unified mask for each viewpoint is defined
as:

M =

{
Mv | Mv =

⋃
o∈O

mv
o, v ∈ V

}
, (8)

where V represents the set of viewpoints, mv
o denotes the

mask of object o in viewpoint v, and M is the collection of
masks for each viewpoint after prompt-based retrieval.

We apply the transform matrices learned by DGA to con-
vert the segmentation masks from all viewpoints in M from
pixel coordinates to aligned world coordinates. The result-

ing 3D segmentation is denoted as P:

P =
⋃

v∈V

P−1
v K−1

v

xDv(x, y)
yDv(x, y)
Dv(x, y)

 ∣∣∣∣∣∣ (x, y) ∈ Mv,Mv(x, y) = 1

, (9)

where P represents a set of 3D point cloud coordinates for
the object. Through this framework, WildSeg3D efficiently
aggregates 2D masks from multiple viewpoints, enabling
real-time intuitive segmentation via the P2W (pixel to world
coordinates) strategy.

4. Experiments
4.1. Datasets
To evaluate the effectiveness of our method, we conducted
experiments on multiple benchmark datasets [1, 20, 35, 44].
The NVOS dataset provides a reference view with scribble
annotations for the segmented targets, as well as a target
view with the corresponding segmentation mask, both cap-
tured from frontal perspectives. The SPIn-NeRF dataset,
a 3D scene dataset, is annotated using the widely-adopted
NeRF datasets [9, 20, 31, 32, 60]. It is used to assess the
performance of intuitive 3D segmentation methods, includ-
ing the evaluation of segmentation quality in more com-
plex 3D environments. For qualitative experiments, we
used the NVOS[44], SPIn-NeRF [35], T&T[20], and Mip-
NeRF360 [1] datasets. These datasets were chosen to com-
pare our method with existing approaches and to showcase
the segmentation results produced by our method across dif-
ferent 3D scenes and viewpoints. To evaluate segmentation
accuracy and facilitate comparisons, we use mean Intersec-
tion over Union (mIoU) and mean Accuracy (mAcc) as pri-
mary metrics. Additionally, we assess both the training du-
ration and the time required for intuitive 3D segmentation
on a single NVIDIA RTX 3090 GPU to evaluate the mod-
els’ efficiency and real-time performance.

4.2. Quantitative Results
NVOS Dataset. To ensure experimental fairness, we
adopted the evaluation approach used by models such as
SAGA [5], utilizing the scribble annotations provided by
the NVOS dataset [44] as input to generate 2D masks for
the SAM model [19]. Additionally, we performed random
point sampling on the scribble annotations of the reference
view to acquire point prompts for segmentation. The results
of our experiments on the NVOS dataset are presented in
Table 1, where we compare the performance of our Wild-
Seg3D framework against other state-of-the-art methods.
As shown in the table, WildSeg3D outperforms existing
approaches in both mIoU and mAcc. In terms of runtime
efficiency, NeRF-based methods, including NVOS [44],
ISRF [11], SGISRF [48], and SA3D [4], as well as 3DGS-
based methods such as SAGA [5], OmniSeg3D [61], and
FlashSplat [45], typically require scene-specific training.
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Datasets Scene D-GA D-DGA M-GA M-SGA M-DGA

NVOS

fern 82.5% 85.1% 94.1% 71.7% 94.2%
flower 90.3% 90.9% 73.8% 91.3% 94.3%
fortress 95.5% 96.3% 95.5% 96.0% 96.8%

horns (center) 88.4% 93.6% 93.0% 92.9% 95.9%
horns (left) 89.9% 95.2% 94.8% 95.2% 95.0%

leaves 65.8% 61.9% 88.0% 93.5% 96.7%
orchids 78.2% 82.6% 84.1% 84.1% 93.5%

trex 79.8% 80.2% 85.3% 61.0% 86.4%
average 83.8% 85.7% 88.6% 85.7% 94.1%

SPIn-NeRF

fern 82.5% 85.1% 94.1% 71.7% 94.2%
fork 85.4% 88.7% 89.8% 88.3% 88.9%

fortress 95.5% 96.3% 95.5% 96.0% 96.8%
horns 88.4% 93.6% 93.0% 92.9% 95.9%
leaves 65.8% 61.9% 88.0% 93.5% 96.7%
lego 77.5% 79.4% 84.3% 81.5% 92.8%

orchids 78.2% 82.6% 84.1% 84.1% 93.5%
pinecone 84.2% 88.6% 85.2% 89.2% 95.7%

room 90.4% 90.3% 88.7% 74.1% 91.5%
truck 82.5% 82.6% 90.9% 90.5% 93.7%

average 83.1% 84.9% 89.4% 86.2% 94.0%

Table 3. Effect of different alignment strategies for DUSt3R-
based and MASt3R-based 3D segmentation models on NVOS and
SPIn-NeRF datasets.“D” and “M” represent the pointmaps from
DUSt3R and MASt3R, respectively. “GA” refers to global align-
ment, “SGA” denotes sparse global alignment in MASt3R, and
“DGA” stands for our proposed dynamic global alignment.

In contrast, our approach demonstrates strong generaliza-
tion across diverse scenes, eliminating the need for scene-
specific training. This advantage leads to significant effi-
ciency improvements, with our model requiring only 3.8%
of the computation time of SA3D (NeRF-based) and 2% of
FlashSplat (3DGS-based), while maintaining high segmen-
tation accuracy.
SPIn-NeRF Dataset. The quantitative results of our ex-
periments on the SPIn-NeRF dataset are presented in Ta-
ble 2. We evaluate the accuracy of our method by projecting
the 3D segmentation masks onto the reference views and
comparing them against the ground truth. In the MVSeg
method [14], an intuitive segmentation model is first em-
ployed to acquire object masks from a single view. These
masks are then used to segment training views, which are
treated as a video sequence and processed through a video
instance segmentation model [3, 53] to generate 3D masks.
These masks are further refined using a semantic NeRF
model [34, 65, 66]. For SA3D [4], intuitive segmenta-
tion requires traversing all training views. Cross-view self-
prompting is used to guide SAM in generating 2D masks,
which are subsequently projected into 3D space using Mask
Inverse Rendering. This process incurs significant time
costs due to the need to process each view individually.
SAGA [5] incorporates low-dimensional 3D features for
each Gaussian, which are rendered into 2D feature maps
through differentiable rasterization during training. This ap-
proach allows for contrastive training with the segmentation
results generated by SAM. In comparison to MVSeg [35]
and SA3D [4], our method achieves comparable accuracy

T&T-museum

SPIn-NeRF-lego SPIn-NeRF-pinecone

T&T-panther

Eiffel Tower Big Ben

Mip-NeRF360-stump Mip-NeRF360-garden

Figure 3. Performance of WildSeg3D on indoor and outdoor
scenes. For each scene, the left side shows the sparse views for re-
construction, with the segmentation target indicated by red dashed
lines in the first view as prompts.

while requiring only a fraction—approximately one ten-
thousandth—of the processing time. Moreover, when com-
pared to SAGA, our approach not only demonstrates supe-
rior accuracy but also outperforms SAGA in terms of pro-
cessing time. Overall, our method delivers exceptional per-
formance, making real-time intuitive 3D segmentation fea-
sible in practical applications.

4.3. Qualitative Results

We conduct a comparative analysis of our method against
existing approaches and present qualitative experimental re-
sults. As shown in Figure 2, the first column illustrates the
reconstruction time of our model for various scenes based
on sparse views. The subsequent columns compare the seg-
mentation results produced by our method with those from
other approaches, along with the time taken to obtain 3D
segmentation results after user input. The final column dis-
plays the segmentation results of ISRF [11] across differ-
ent scenes. ISRF utilizes the TensoRF representation [6]
for scene training and rendering, incorporating DINO fea-
tures [3] within each voxel to enable 2D-to-3D semantic
matching. Segmentation is performed via nearest neigh-
bor feature matching (NNFM). However, ISRF struggles
with distinguishing semantically similar objects, as demon-
strated in the Trex and Orchids scenes, where the method
faces challenges in accurate segmentation. SA3D [4],
upon receiving user prompts, employs a cross-view self-
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Number of Views 3 4 5 7 9

NVOS 89.8% 92.9% 94.1% 94.0% 93.8%
SPIn-NeRF 87.8% 92.2% 94.0% 94.9% 94.7%
Total Time 15 s 18 s 23 s 35 s 50 s

Table 4. Ablation Experiments on the Impact of Viewpoint
Quantity on mIoU.

prompting mechanism and SAM [19] to generate 2D masks
for each view. These masks are then mapped to 3D space
via Mask Inverse Rendering, with the process repeated for
each user interaction. This approach incurs high com-
putational costs due to the need for repeated processing.
SAGA [5] and OmniSeg3D [61] transform 2D masks into
3D features and require additional training for each 3D
Gaussian. SAGA relies on a collection of loss functions
during training, whereas OmniSeg3D uses hierarchical con-
trastive learning to map discontinuous multi-view segmen-
tations to consistent 3D features. In contrast, our method
achieves superior performance with high-quality transform
matrices learned through DGA, which map 2D views into
an aligned 3D coordinate system. The MGM module then
enables fast retrieval of 2D masks from multiple views,
which are subsequently transformed into the unified 3D
space. This design results in significantly improved com-
putational efficiency, allowing our method to achieve faster
intuitive segmentation compared to existing approaches.

As demonstrated in Figure 3, our method does not re-
quire scene-specific training, enabling near real-time 3D in-
tuitive segmentation for arbitrary scenes. We showcase this
capability using indoor and outdoor scenes from the Mip-
NeRF360 [1], T&T [20], SPIn-NeRF [35] datasets, and two
additional scenes in the wild. By leveraging only sparse
views, our method is able to perform both scene reconstruc-
tion and near real-time 3D segmentation, underscoring its
versatility and ability to segment objects in diverse, uncon-
trolled environments.

4.4. Ablation Studies
Comparison of Different Viewpoint Counts. Table 4
presents an ablation study on the number of viewpoints
input into WildSeg3D. Considering overall performance,
we randomly select five viewpoints in prior experiments.
On the SPIn-NeRF dataset, our method outperforms Om-
niSeg3D when seven viewpoints are selected, despite the
results in Table 2.
Effect of Dynamic Global Alignment. To further validate
the effectiveness of DGA, we also integrate it into DUSt3R,
replacing the matching maps with SIFT [29]. As shown in
Table 3, incorporating DGA significantly improves perfor-
mance in both DUSt3R and MASt3R models compared to
traditional GA training methods.

Furthermore, as shown in Figure 4, comparative visual-
izations on the NVOS and LERF [18] datasets demonstrate
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Figure 4. Visualization of ablation experiments on DGA.
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Functions mIoU mAcc
Arctan 91.3% 97.8%

Sigmoid 91.3% 97.8%
Logarithmic 89.5% 97.4%

Ours 94.1% 99.0%

Figure 5. Ablation Experiments on NVOS Dataset. Left: visu-
alization of different confidence adjustment functions for DGA.
Right: Results of these functions.

that DGA effectively reduces 3D alignment errors, mini-
mizing blurred details and background confusion.
Different Confidence adjustment functions. Figure 5
compares the confidence adjustment function in DGA
with other adjustment functions, defined as: Aθ(x) =
arctan(θ·(x−0.5))

π + 0.5, Sδ(x) = 1
1+e−δ·(x−0.5) , Lβ(x) =

log(1+β·x)
log(1+β) , where θ, δ, and β control the scaling of the Arc-

tan, Sigmoid, and Logarithmic functions, respectively.
Our function performs adaptive adjustments centered

at 0.5 confidence, improving the weight of hard-to-match
points while ensuring smooth transitions across both low
and high confidence levels, achieving the best performance.

5. Conclusion

We introduce WildSeg3D, a feed-forward method that en-
ables real-time intuitive 3D segmentation from 2D images
without scene-specific pre-training. With Dynamic Global
Aligning, WildSeg3D learns high-quality transform matrix
for each view, aligning 2D images to an aligned coordinate
system. Additionally, mask cache stores masks from multi-
ple views consistently. For real-time intuitive segmentation,
MGM uses a search strategy to retrieve target masks and
map them into an aligned 3D space, responding promptly
to user inputs. Through extensive experiments, WildSeg3D
demonstrates a significant speedup over existing methods
while maintaining high accuracy.
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