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Abstract

Reconstructing static 3D scenes from image se-
quences affected by transient interference remains a
fundamental challenge in computer vision. Existing
methods for transient interference suppression typically
operate at the reconstruction or rendering stage, over-
looking the fact that the traditional SfM process is al-
ready affected by such interference, which introduces
errors in camera poses and geometric structure, ul-
timately degrading overall reconstruction quality. In
addition, current approaches for generating transient
masks rely on limited information, primarily pixel-level
and semantic features, resulting in inaccurate transient
region identification. To address these limitations, we
propose Transient-Aware Gaussian Splatting (TA-GS),
a robust static scene reconstruction framework based on
3D Gaussian Splatting for transient environments. TA-
GS introduces a geometry-first probabilistic SfM built
upon MASt3R priors, establishing a stable and accu-
rate geometric foundation from the source. We fur-
ther design a transient-aware mask learning module
that integrates optical flow residuals and depth cues,
supervised by DINOv2 semantic differences, to achieve
precise pixel-level transient detection. Finally, static
probabilities and transient masks jointly guide the ini-
tialization, pruning, and rendering optimization of 3D
Gaussian Splatting. Experiments demonstrate that TA-
GS significantly improves the stability, transient region
identification accuracy, and fidelity of static scene recon-
struction in diverse and challenging transient scenarios.

Keywords: 3D Reconstruction, 3D Gaussian Splatting,
Robustness, Transient Interference

1. Introduction

Reconstructing high-fidelity 3D scenes from a limited
set of multi-view images has long been a central goal in
the field of computer vision and has significant applications
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Figure 1: Visual comparison of reconstruction results for
scenes with transient disturbances. Our method effectively
suppresses the influence of transient elements, producing
complete and consistent static scene reconstructions with
high-quality detail recovery.

in domains such as autonomous driving, augmented reality,
virtual reality, robotic navigation, and 3D map construction.
Specifically, the task involves generating a multi-view con-
sistent 3D scene representation from a set of input images
with known camera poses, thereby enabling photo-realistic
rendering from novel viewpoints. In recent years, represen-
tative methods have emerged, significantly advancing the
state of 3D reconstruction techniques.

NeRF [15], a breakthrough method in 3D reconstruction,
innovatively models the radiance field of a scene implicitly
using neural networks (MLPs) to generate high-quality im-
ages. Unlike traditional explicit geometric representations,
NeRF leverages deep learning to nonlinearly map light-
ing and color information, enabling realistic rendering from
multiple viewpoints. Its core strength lies in volume ren-
dering, which accurately captures subtle lighting variations,
reflections, and refractions, thereby enhancing image real-
ism and detail. However, NeRF suffers from slow rendering
speed.Subsequent research [6, 16, 11] has proposed various
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improvements to enhance its efficiency and performance.
In contrast, 3D Gaussian Splatting (3DGS)[8] employs

an explicit representation based on Gaussian distributions,
representing the 3D scene as a set of Gaussian points with
spatial positions and color attributes. Each Gaussian point
corresponds to a local region in the scene and reconstructs
the overall scene by integrating information from multi-
view images. Compared with NeRF’s implicit represen-
tation, this method offers higher computational efficiency,
making it suitable for real-time rendering and transient
scene processing. It also handles large datasets more ef-
fectively and provides rapid rendering. Furthermore, the
explicit point cloud representation enhances robustness and
scalability in large-scale scene reconstruction, making it
suitable for complex 3D reconstruction tasks.

Various extensions of 3DGS [5, 7, 28] have been devel-
oped to improve efficiency, scalability, and geometric fi-
delity. Notably, GSplat [27] provides a highly optimized
differentiable rasterization backend that significantly accel-
erates training and rendering speeds. These methods col-
lectively enhance 3DGS in terms of rendering performance,
geometric detail, and adaptability to large-scale real-world
scenes.

In real-world environments, capturing ideal image se-
quences is often infeasible, particularly in scenes affected
by transient interference, where moving objects, lighting
fluctuations, or occlusions frequently occur. These transient
factors can lead to inconsistent correspondences, unstable
depth estimation, and mismatched geometry, ultimately re-
sulting in blurring, ghosting, or structural distortions in the
reconstructed scenes.

In the field of transient noise removal for 3D reconstruc-
tion, existing methods based on 3DGS [13, 4, 9, 20] have
achieved significant progress in improving reconstruction
accuracy and detail fidelity. However, they still exhibit sev-
eral limitations. First, these methods typically do not suf-
ficiently consider the impact of transient point noise dur-
ing the Structure-from-Motion (SfM) or multi-view geom-
etry initialization stages. Because transient noise points
are mistakenly incorporated into the initial sparse point
cloud, errors may accumulate throughout the reconstruc-
tion process, resulting in deviations in the final scene ge-
ometry—especially in transient or semi-transient scenarios.
Second, existing approaches for mask prediction mainly
rely on a single source of information, such as pixel in-
tensity or semantic priors alone. This single-source de-
pendence often leads to inaccurate mask predictions, mani-
fested as either under-masking or over-masking, which fur-
ther affects the removal of transient noise and the overall
quality of reconstruction.

To address this, we propose an innovative 3D recon-
struction method, Transient-Aware 3D Gaussian Splatting
(TA-GS), which effectively recovers high-quality 3D scenes

from image sequences affected by transient interference.
Based on MASt3R[10], our method designs a probabilis-
tic deep-learning SfM model that jointly estimates camera
poses, 3D structure, and per-point static probabilities, in-
herently mitigating the impact of transient elements from
a geometric perspective. To balance efficiency and robust-
ness on large-scale image collections, we adopt the sparse
graph construction strategy from MASt3R-SfM [2] to build
a sparse yet stable scene graph. In this structure, keyframes
form a fully connected backbone to ensure global consis-
tency and local accuracy. Furthermore, we introduce a
transient-aware mask predictor that leverages motion-depth
features combined with DINOv2-based semantic consis-
tency to identify view-dependent transient regions, comple-
menting the static probabilities obtained from geometry. Fi-
nally, we integrate these two sources of information into a
transient-aware 3D Gaussian point rendering pipeline, ex-
plicitly modeling transient suppression during initialization,
pruning, and loss computation, thereby effectively eliminat-
ing transient artifacts while preserving high-fidelity static
reconstruction.

2. Related work

2.1. The Revolution in SfM

Traditional SfM pipelines rely on a sequential process
of local feature detection, matching, geometric verifica-
tion (e.g., via RANSAC [3]), incremental triangulation, and
bundle adjustment [23, 25]. While highly successful, this
pipeline is inherently fragile; errors in feature matching or
outlier rejection can propagate, leading to complete fail-
ure in challenging conditions such as textureless surfaces,
repetitive patterns, or significant occlusions [22].

The field was revolutionized by the introduction of
DUSt3R[24], which framed multi-view reconstruction as
a direct, dense regression problem. By leveraging
transformer-based architecture, DUSt3R directly predicts
accurate depth and camera pose for every pixel in an un-
constrained setting, eliminating the need for explicit feature
matching and robust estimation. This end-to-end approach
demonstrated remarkable robustness and speed but was pri-
marily focused on geometric reconstruction.

Building upon this foundation, MASt3R[10] extends the
DUSt3R framework by integrating a powerful dense feature
matching head trained with contrastive losses. This critical
advancement enables the model to not only perform dense
3D reconstruction but also produce highly-accurate and ro-
bust local features. By unifying precise geometry and reli-
able matching into a single, cohesive model, MASt3R effec-
tively bridges the gap between the robustness of data-driven
3D reconstruction and the precision required for tasks like
high-quality SfM.



2.2. Robustness in NeRF

Several methods have been proposed to improve the ro-
bustness of NeRF under transient objects and photomet-
ric disturbances. NeRF-W [14] decomposes each train-
ing image into a static radiance field and a per-image tran-
sient component, effectively filtering pedestrians, vehicles,
and illumination variations in Internet photo collections.
NeRF-on-the-go [19] adapts NeRF for casual mobile cap-
ture, jointly learning transient segmentation and static scene
reconstruction to handle frequent occlusions in handheld
video. Robust optimization methods such as RobustNeRF
[21] treat inconsistent pixels as outliers and adopt robust
loss functions to reduce their influence on reconstruction.
RegNeRF [17] applies regularization to improve general-
ization under sparse views, implicitly suppressing the effect
of noisy observations. These techniques together enhance
NeRF’s ability to reconstruct clean geometry and appear-
ance in challenging real-world scenarios.

2.3. Robustness in 3DGS

Several extensions of 3D Gaussian Splatting (3DGS)
have been proposed to handle transient objects, transient
occlusions, and appearance changes. T-3DGS [13] intro-
duces an unsupervised uncertainty predictor together with
a SAM2-based mask optimizer, enabling accurate detec-
tion and removal of transient objects without additional pri-
ors for high-quality static reconstruction. RobustSplat [4]
delays Gaussian growth and employs a multi-scale mask-
guided strategy to prioritize static structure optimization,
effectively reducing artifacts caused by moving distrac-
tors. HybridGS [12] combines 2D and 3D Gaussian rep-
resentations to disentangle transient and static components,
significantly improving reconstruction quality under com-
plex transient environments. ForestSplats [18] leverages a
deformable transient field and superpixel-aware masks to
precisely model and separate transient occluders for ro-
bust scene recovery. WildGaussians [9] introduces per-
Gaussian and per-image learnable appearance embeddings
and a lightweight MLP for color transformation, while us-
ing DINOv2 feature cosine similarity for robust uncertainty
prediction, allowing 3DGS to handle challenging outdoor
videos with varying appearances and transient occlusions
while maintaining real-time rendering speed. SpotLessS-
plats [20] learns transient anomaly masks from features of a
pre-trained semantic model via an MLP, guiding optimiza-
tion to focus on clean static backgrounds. These techniques
collectively enhance the robustness of 3DGS in the presence
of transient interference, enabling high-fidelity and artifact-
free static scene reconstruction in real-world scenarios.

3. Method

3.1. Preliminary

3.1.1 3D Gaussian splatting

3D Gaussian Splatting[8]is an efficient approach to model
3D scenes by representing geometry as a collection of 3D
Gaussian primitives, thus avoiding explicit surface normals.
This representation enables photorealistic novel view syn-
thesis. Each Gaussian is described by its center �i 2 R3,
covariance matrix �i 2 R3�3, opacity parameter �i 2 R,
and color coefficient xi 2 R3. The density of a single Gaus-
sian is defined as:

G(z) = exp
�
� 1

2
z>��1

i z
�
: (1)

In differentiable rasterization, the Gaussian is weighted
by �i to determine its image-space contribution. To project
the Gaussians into the camera plane, the covariance is ex-
pressed in camera coordinates using the world-to-camera
transform W and the projection Jacobian J :

�0i = JW�iW
>J>: (2)

To ensure �i remains positive semi-definite and supports
anisotropic scaling, we decompose it as:

�i = RiSiS
>
i R
>
i ; (3)

where Ri is a rotation matrix and Si is a learnable scale
matrix.

Finally, the pixel color C is computed by front-to-back
alpha compositing over all Gaussians i 2 N that project to
the pixel:

C =
X
i2N

xi�i

i�1Y
j=1

�
1� �j

�
; (4)

where N is sorted by depth. This accumulation scheme
ensures proper occlusion handling and smooth blending.

3.1.2 MASt3R

MASt3R [10] is a 3D-grounded image matching approach
built upon the DUSt3R framework. The core preliminary
is the joint problem of 3D reconstruction and camera cal-
ibration from uncalibrated image pairs. Given two images
I1 and I2, the network regresses two dense pointmapsX1;1

and X2;1 2 RH�W�3. A pointmap Xa;b maps each pixel
in image Ia to its corresponding 3D point, expressed in
the coordinate system of camera Cb. By regressing both
pointmaps into a shared coordinate system (e.g., that of C1),
the framework implicitly solves for relative pose and scene
geometry.



This regression is supervised by a scale-invariant regres-
sion loss. For a view v and pixel i with ground-truth 3D
point X̂v;1

i , the loss term is:

‘regr(v; i) =





1

z
Xv;1
i � 1

ẑ
X̂v;1
i





 (5)

where z and ẑ are scale normalization factors (typically the
mean depth of all valid points). The final objective Lconf is a
confidence-weighted version of this loss, where the network
also learns a per-pixel confidence C�i :

Lconf =
X

v2f1;2g

X
i2Vv

[C�i ‘regr(v; i)� � logC�i ] (6)

MASt3R augments this 3D foundation by adding a new
head to predict dense local features, trained with an addi-
tional contrastive matching loss, thereby combining the ro-
bustness of 3D geometric reasoning with the precision of
learned feature matching.

3.2. Overview

We propose a novel framework for reconstructing static
3D scenes from image collections affected by transient in-
terference. The overall pipeline is illustrated in Fig. 2. Tran-
sient points in a scene can undermine the accuracy of 3D
reconstruction. To address this, we develop Geometry-First
Probabilistic SfM. Since relying on a single visual cue is
insufficient to accurately capture transient or uncertain re-
gions, we introduce rich optical flow and depth information,
combined with semantic supervision, to propose Transient-
Aware Mask Prediction, aiming to generate more accurate
pixel-level masks. Finally, transient artifacts limit the fi-
delity of the reconstructed model, which is mitigated by
Refined 3D Gaussian Splatting Reconstruction. The frame-
work consists of three main components:

1. Geometry-First Probabilistic SfM: Using Expecta-
tion Maximization, camera poses, 3D structure, and
point-wise static probabilities are jointly estimated,
providing a robust geometric foundation for recon-
struction;

2. Transient-Aware Mask Prediction: Pixel-level
masks are predicted by integrating motion-depth cues
and supervised using semantic consistency extracted
from DINOv2 features, guiding the identification of
transient or uncertain regions;

3. Refined 3D Gaussian Splatting Reconstruction:
Both static probabilities and learned masks are lever-
aged to produce high-fidelity 3D reconstructions while
suppressing transient artifacts.

3.3. Geometry-First Probabilistic SfM

We present a geometry-first probabilistic Structure-
from-Motion (SfM) framework for robust 3D scene recon-
struction in the presence of transient objects. Built upon
a sparse scene graph of carefully selected image pairs, our
method jointly estimates camera poses, 3D point locations,
and static/transient labels. The proposed framework, de-
tailed in our probabilistic generative model (Sec.3.3.1) and
EM-based MAP inference procedure (Sec.3.3.2), achieves
robustness by seamlessly unifying geometric reprojection
constraints with prior knowledge about point stability,
thereby effectively suppressing transient outliers.The over-
all EM-based inference procedure of our geometry-first
probabilistic SfM framework is summarized in Algorithm 1.

3.3.1 Probabilistic Generative Model Formulation

Let V = fIngNn=1 represent an unordered collection of N
input images. Our goal is to recover the parameters of static
cameras P = fPng, a set of 3D points X = fXag rep-
resenting the scene structure, and, crucially, a set of binary
latent variables S = fsag where sa = 1 indicates that point
a is static.

Our encoder and decoder architectures are directly in-
herited from the MASt3R prior [10], forming an En-
coder–Graph–Decoder architecture, where the “Graph”
refers to a sparse scene graph connecting images based
on visual overlap, upon which we introduce a probabilistic
modeling layer.

Each image is first processed by a shared visual en-
coder fenc to obtain dense feature maps F = fFn =
fenc(I

n)gNn=1, where Fn 2 RH�W�D denotes the latent
representation of image n. These features are used both for
image retrieval and for dense correspondence estimation.

The sparse scene graph E is then constructed from the
feature collection F using a scalable strategy inspired by
MASt3R-SfM [2]. Candidate image pairs are retrieved via
ASMK similarity, farthest-point-sampled keyframes form a
fully connected clique to establish a stable global backbone,
and additional k-nearest-neighbor edges maintain local con-
nectivity. This design ensures a globally consistent yet com-
putationally efficient graph structure.

The decoder then estimates the initial camera poses P =
fPng and a dense 3D structure X = fXag from these im-
age correspondences. Building upon this deterministic re-
construction, we introduce a probabilistic layer that mod-
els uncertainty in both scene structure and point staticness.
Specifically, each 3D point Xa is associated with a binary
latent variable sa 2 f0; 1g, indicating whether it is static or
transient. This extends the MASt3R decoder into a genera-
tive probabilistic model that reasons jointly about geometry
and motion consistency.

For each connected image pair (n;m) 2 E , the MASt3R



Figure 2: Overview of the proposed pipeline for static 3D scene reconstruction in the presence of transient interference. The
diagram is arranged in a vertical structure: the top component, Geometry-First Probabilistic SfM, first estimates camera poses,
3D structure, and point-wise static probabilities; the middle component, Transient-Aware Mask Prediction, identifies pixel-
level transient or uncertain regions; and the bottom component, Refined 3D Gaussian Splatting Reconstruction, leverages this
information to produce high-fidelity static 3D reconstructions while suppressing transient artifacts.

matching head produces a set of feature correspondences

Mn;m = foc = (ync ;y
m
c ; qc)g; (7)

where (ync ;y
m
c ) are pixel coordinates and qc is the MASt3R

confidence score. Collectively, these correspondences con-
stitute the observed data

O = fMn;m j (n;m) 2 Eg: (8)

The joint distribution over all latent variables and obser-
vations factors as

P (�;O) = P (P)P (X )P (S)P (O j P;X ;S); (9)

where uninformative priors P (P) and P (X ) are assumed
for camera poses and 3D structure.

The prior over the staticness labels S follows a Bernoulli
distribution with a globally shared parameter �, reflecting
the prior belief that most points in a typical scene are static:

sa � Bernoulli(�); (10)

or equivalently,

P (sa) = �sa(1� �)1�sa ; sa 2 f0; 1g: (11)

The probabilistic model defines the likelihood of each
observed match conditioned on P , X , and S. For static
points (sa = 1), the observation is expected to satisfy geo-
metric consistency across views, leading to a Gaussian re-
projection likelihood weighted by the confidence qc:

P (oc j sa = 1;P;X ) / exp

�
� qc

2�2
s

k�n(Xa)� ync k2
2

�
;

(12)
where �n(�) denotes the projection function for camera Pn.
For transient points (sa = 0), correspondences are assumed
to follow a uniform distribution over the image domain 
:

P (oc j sa = 0;P;X ) = U(
) =
1

j
j
: (13)

This formulation captures a key geometric intuition:
static points exhibit small reprojection errors when cam-
era parameters are consistent, whereas transient points have
no coherent multi-view geometry and are therefore mod-
eled as uniformly distributed noise. Together, these com-
ponents define a fully probabilistic structure-from-motion
model that augments the MASt3R geometric decoder with
uncertainty-aware reasoning over static and transient scene
elements.



Algorithm 1 Geometry-First Probabilistic SfM

Require: ImagesV = f I n gN
n =1 , prior � , variance� 2

s
Ensure: Camera posesP, 3D pointsX , static probsf 
 ag

1: Feature Encoding:
2: for each imageI n 2 V do
3: F n  f enc(I n )
4: end for
5: Sparse Scene Graph:
6: Build edgesE via ASMK retrieval, keyframe clique,

andk-NN connectivity.
7: Initialization:
8: Extract correspondencesM n;m for (n; m) 2 E using

MASt3R;
9: Estimate initial(P (0) ; X (0) ) from MASt3R decoder;

10: Initialize 
 a  � .
11: for t = 1 to T do
12: E-step: compute static posterior for each pointa
13: L static(a) =

P
c

qc
2� 2

s
k� n (X a) � y n

c k2
2

14: 
 a = �e � L static( a )

�e � L static( a ) +(1 � � )C
15: M-step: weighted bundle adjustment
16: SolveminP ;X

P
(a;c ) wa;c k� n (X a) � y n

c k2
2

17: wherewa;c = 
 a qc
2� 2

s
, using sparse LM (e.g., Ceres).

18: end for
19: return P; X ; 
 a

3.3.2 EM-Based MAP Inference

Based on the probabilistic generative model formulated
above, we employ the Expectation-Maximization (EM) al-
gorithm to compute Maximum a Posteriori (MAP) esti-
mates of the latent variables.

Speci�cally, the EM algorithm iteratively infers the static
probabilities of points (E-step) and re�nes camera poses
and 3D structure (M-step) under the probabilistic assump-
tions de�ned in the generative model. This establishes a
robust geometric foundation that mitigates the in�uence of
transient points, providing reliable priors for subsequent
transient-aware mask prediction and 3D Gaussian Splatting
reconstruction.

E-Step: Given the current estimates of camera param-
etersP = f Pn g and 3D structureX = f X ag, we com-
pute the posterior probability
 a that pointa is static:
 a =
P(sa = 1 j O; P; X ).

This posterior probability is computed as


 a =
� exp

�
� L static (a; P; X )

�

� exp
�

� L static (a; P; X )
�

+ (1 � � ) C
; (14)

where the cumulative weighted reprojection error of pointa
is

L static (a; P; X ) =
X

c

qc

2� 2
s




 � n (X a ; Pn ) � y n

c




 2

2: (15)

Here,C is a constant arising from the uniform likelihood
for transient points, and
 a can be interpreted as the prob-
ability that pointa is static given the current estimates of
cameras and 3D structure.

M-Step: Holding 
 a �xed, we update camera param-
eters and 3D points by minimizing the expected negative
log-posterior:

L M (P; X ) =
X

a


 a � L static (a; P; X ) + �
X

a

(1 � 
 a);

(16)
where� = � log(�= (1 � � )) . Since the second term does
not depend on(P; X ), the optimization effectively reduces
to

min
P ;X

X

(a;c )

wa;c



 � n (X a ; Pn ) � y n

c




 2

2; wa;c =

 aqc

2� 2
s

;

(17)
which is equivalent to a weighted bundle adjustment (BA)
problem. Each residual is scaled by the posterior proba-
bility 
 a , so points likely to be transient (
 a � 0) exert
negligible in�uence, while highly static points dominate the
re�nement of camera poses and 3D structure.

In practice, we solve this weighted BA using the standard
sparse Levenberg–Marquardt algorithm with Schur comple-
ment elimination, as implemented in Ceres Solver [1]. This
formulation ensures ef�cient EM updates, progressively im-
proving camera accuracy while suppressing transient out-
liers.

Distinction from Standard Outlier Rejection:It is impor-
tant to distinguish our approach from traditional robust SfM
methods that rely on RANSAC-based 'hard' �ltering. In
such pipelines, outlier rejection is a binary and irreversible
decision: points classi�ed as outliers are discarded before
reconstruction begins, potentially leading to the loss of valid
�ne-grained structures that were mistakenly rejected due to
noise.

In contrast, our probabilistic formulation retains the un-
certainty information for every point in the form of a con-
tinuous posterior
 a . Crucially, this soft probability is not
merely used for �ltering but is explicitly integrated into the
subsequent 3DGS optimization as a survival weight. This
design creates a differentiable feedback loop where points
that are geometrically ambiguous in the SfM stage can still
survive and 'solidify' if they contribute positively to the
photometric rendering loss. This capability to recover false
negatives from the initialization stage represents a funda-
mental advantage over standard hard-�ltering techniques.

3.4. Transient­Aware Mask Prediction

The probabilistic SfM stage provides point-wise static
probabilities
 a , which capture long-term geometric con-
sistency across views. However, these probabilities are
de�ned in 3D space and cannot directly model localized,



view-speci�c inconsistencies. For rendering-level suppres-
sion of dynamics, we require per-pixel masks that adapt to
each image. To this end, we propose a transient-aware mask
learning module that fuses motion and geometry cues with
semantic-level supervision.

To accurately predict transient pixels in transient scenes,
we integrate motion-depth feature extraction with a seman-
tic consistency supervision mechanism. By jointly lever-
aging motion cues and depth information, our approach
generates pixel-wise transient masks(Sec.3.4.1), while si-
multaneously utilizing semantic features from DINOv2
to provide robust supervisory signals for mask predic-
tion(Sec.3.4.2).The overall motion–depth fusion and se-
mantic consistency learning process is summarized in Al-
gorithm 2.

3.4.1 Transient Mask Prediction via Motion-Depth
Feature Fusion

To disentangle true object motion from camera-induced dis-
placement, we leverage per-frame depth mapsD n gen-
erated by our geometric decoder alongside corresponding
camera poses. Given two framesI n andI m with relative
pose(Rn;m ; tn;m ), a pixelp in I n is projected intoI m as

p̂0 = �
�
Rn;m � � 1(p; D n (p)) + tn;m

�
; (18)

yielding the rigid �ow

f̂ (p) = p̂0 � p: (19)

Meanwhile, we estimate the observed optical �owf (p) us-
ing GMFlow [26]. The residual

r (p) = kf (p) � f̂ (p)k2 (20)

quanti�es how much the pixel motion deviates from rigid
scene geometry: small values indicate static regions, while
large values suggest transient objects.

Building on this, we construct a motion–depth descriptor
that integrates complementary cues at each pixel:

(i) Rigid-�ow residual r (p): captures the discrepancy
between estimated rigid �ow and observed optical
�ow, aiding static-transient pixel discrimination.

(ii) Magnitude and orientation of observed �ow f (p):
encodes local motion patterns.

(iii) Normalized depth ~D n (p): provides scene-scale con-
text.

(iv) Depth gradient r D n (p) = ( @Dn =@x; @Dn =@y):
computed directly from decoder outputs to emphasize
structural boundaries.

Concatenating these channels yields a compact representa-
tion

Fdyn (p) 2 RC ; (21)

which is processed by a lightweight predictorf � to produce
a per-pixel transient probability:

m(p) = f � (Fdyn (p)) : (22)

This design enables the predictor to jointly reason about
geometric consistency, local motion, and structural context,
allowing robust identi�cation of transient pixels even un-
der challenging camera motion. Notably, all depth-related
features are derived from the decoder, ensuring consistency
with the reconstructed 3D scene. Speci�cally, while the
rigid �ow and depth gradient are computed from the raw
depthD n , the normalized depth~D n is obtained by min-max
scalingD n to a unit range. This normalization balances the
transient range across feature channels and promotes stable
learning, without altering the structural information vital for
motion-depth fusion.

3.4.2 Semantic Consistency Supervision via DINOv2

Low-level �ow–depth residuals may be noisy due to depth
errors, illumination changes, or optical �ow drift. To pro-
vide a robust supervisory signal, we leverage semantic
features from DINOv2. For each imageI n and its cor-
responding rendered imagêI n , we extract feature maps
�( I n ); �( Î n ) with a frozen DINOv2 backbone. The cosine
similarity at pixelp is computed as:

s(p) =
h�( I n )(p); �( Î n )(p)i

k�( I n )(p)k2 � k�( Î n )(p)k2
: (23)

Pixels with low similarity indicate semantic inconsis-
tency, which strongly correlates with dynamics or misalign-
ment. We therefore de�ne a pseudo-label:

m� (p) = I (s(p) < � s); (24)

and trainf � with a binary cross-entropy loss:

L mask = �
X

p

�
m� (p) log m(p)+(1 � m� (p)) log(1� m(p))

�
:

(25)
The learned maskm(p) is image-speci�c, capturing

transient or local motion, while the static probabilities
 a

from section 3.3 encode global 3D geometric stability. In-
stead of merging them, we use them complementarily:
 a

governs Gaussian initialization and pruning in 3D space,
whereasm(p) serves as a soft weighting factor during ren-
dering. This separation ensures robustness to both long-
term transient outliers and short-term view-dependent in-
consistencies.



Algorithm 2 Transient-Aware Mask Prediction

Require: Imagesf I n g, depthsf D n g, posesf Pn g, GM-
Flow, DINOv2 features�( �)

Ensure: Per-pixel transient maskm(p)

1: For each image pair(I n ; I m ):
2: Compute rigid projection:
3: p̂0 = � (Rn;m � � 1(p; D n (p)) + tn;m )
4: Rigid �ow: f̂ (p) = p̂0 � p
5: Observed �ow:f (p) = GMFlow(I n ; I m )
6: Residual:r (p) = kf (p) � f̂ (p)k2

7: Motion–Depth Feature Fusion:
8: Construct descriptor:
9: Fdyn (p) =

�
r (p); kf (p)k; \ f (p); ~D n (p); r D n (p)

�

10: Predict transient probability:m(p) = f � (Fdyn (p))

11: Semantic Consistency Supervision:
12: Extract DINOv2 features�( I n ) and�( Î n )
13: Compute similarity:

14: s(p) =
h�( I n )(p); �( Î n )(p)i

k�( I n )(p)k2 k�( Î n )(p)k2
15: Pseudo label:m� (p) = I (s(p) < � s)
16: Loss:
17: L mask = �

P
p

�
m� logm+(1 � m� ) log(1� m)

�

f notationm abbreviatesm(p)g

18: return Learned transient maskm(p)

3.5. Re�ned 3D Gaussian Splatting Reconstruction

In the process of 3D reconstruction, we integrate both
geometry-derived static probabilities,
 a , and learned per-
pixel masks,m(p), into the 3DGS framework. Standard
3DGS assumes a fully static environment, which makes it
vulnerable to �tting transient objects as persistent struc-
tures. Our transient-aware variant modi�es initialization,
pruning(Sec.3.5.1), and loss formulation (Sec.3.5.2) to ex-
plicitly account for transients.

3.5.1 Initialization & Pruning

We initialize Gaussian primitives only from SfM points
with high static con�dence (
 i > � init). For each Gaus-
siani , we set its initial opacity parameter� i = 
 i , ensuring
that highly static points start with stronger in�uence in the
rendering process. This biases optimization toward stable
regions and prevents over�tting to transients.

During optimization, Gaussian primitives undergo peri-
odic pruning to maintain ef�ciency. We extend this by in-
troducing a survival score:

si = 
 i � (1 � �mi ); (26)

where �mi is computed by projecting Gaussiani into all
views where it is visible, bilinearly sampling the per-view

transient maskmi;v at the projected location, and averag-
ing:

�mi =
1

jVi j

X

v2V i

mi;v : (27)

This yields a robust estimate of how likely Gaussiani be-
longs to a transient region. Gaussians withsi < � survive are
immediately pruned, ensuring that transient regions are ag-
gressively eliminated from the representation.

3.5.2 Optimization

To prevent transient content from dominating optimization,
we introduce mask-weighted objectives. The rendering loss
is modi�ed as

L render =
X

p

(1 � m(p)) � kĈ(p) � C(p)k1; (28)

whereC(p) is the ground-truth color and̂C(p) is the ren-
dered color. Pixels with high transient probability are down-
weighted, forcing the model to focus on static regions.

In addition, we incorporate a semantic consistency term
using DINOv2 features:

L semantic =
X

p

(1 � m(p)) �
�
1 � s(p)

�
; (29)

which encourages rendered images to match input images
at a feature level in static areas while ignoring transients.

Furthermore, we add a mask-weighted differentiable
SSIM loss to encourage perceptual similarity:

L D-SSIM =
X

p

(1 � m(p)) �
�
1 � SSIM(Ĉ(p); C(p))

�
;

(30)
whereSSIM(�) denotes the structural similarity index com-
puted in a local window around pixelp. This term comple-
ments thè 1 loss by penalizing structural distortions while
ignoring transient regions.

The overall objective becomes

L = L render + � D-SSIM L D-SSIM + � mask L mask + � semL semantic ;
(31)

whereL mask supervises the mask predictor, and the other
terms directly optimize Gaussian parameters. Training al-
ternates between updating Gaussians and re�ning the mask
predictor. At inference, the learned masksm(p) act solely
as soft weights for rendering and pruning, while
 i remains
�xed from Section 3.3.

4. Experiments

4.1. Datasets

We evaluate our method on two representative datasets:
NeRF On-the-go[19] andRobustNeRF[21]. The NeRF




