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Abstract

3D Gaussian Splatting (3DGS) has emerged as a powerful
representation for 3D scenes, widely adopted due to its ex-
ceptional efficiency and high-fidelity visual quality. Given the
significant value of 3DGS assets, recent works have intro-
duced specialized watermarking schemes to ensure copyright
protection and ownership verification. However, can existing
3D Gaussian watermarking approaches genuinely guarantee
robust protection of the 3D assets? In this paper, for the first
time, we systematically explore and validate possible vulner-
abilities of 3DGS watermarking frameworks. We demonstrate
that conventional watermark removal techniques designed for
2D images do not effectively generalize to the 3DGS sce-
nario due to the specialized rendering pipeline and unique at-
tributes of each gaussian primitives. Motivated by this insight,
we propose GSPure, the first watermark purification frame-
work specifically for 3DGS watermarking representations.
By analyzing view-dependent rendering contributions and ex-
ploiting geometrically accurate feature clustering, GSPure
precisely isolates and effectively removes watermark-related
Gaussian primitives while preserving scene integrity. Ex-
tensive experiments demonstrate that our GSPure achieves
the best watermark purification performance, reducing water-
mark PSNR by up to 16.34dB while minimizing degradation
to original scene fidelity with less than 1dB PSNR loss. More-
over, it consistently outperforms existing methods in both ef-
fectiveness and generalization.

Introduction
3D Gaussian Splatting (3DGS) has recently become a
prominent method for efficiently representing and rendering
complex 3D scenes (Kerbl et al. 2023). By encoding scenes
through anisotropic Gaussian primitives, it achieves both
high-fidelity visual results and computational efficiency,
driving its rapid adoption in generative tasks like novel-
view synthesis (Paliwal et al. 2024), 3D modeling (Feng
et al. 2025; Sun et al. 2024), and virtual reality (Tu et al.
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2025). However, as 3DGS gains popularity, its high training
cost makes the models valuable digital assets (Zhang et al.
2024). This raises critical concerns regarding their security
and ownership, particularly in preventing unauthorized dis-
tribution or tampering that could lead to intellectual prop-
erty violations. To mitigate these risks, researchers are de-
veloping specialized watermarking techniques for 3D Gaus-
sian Splatting to enable reliable asset identification, owner-
ship verification, and provenance tracking (Guo et al. 2024c;
Zhang et al. 2024; Jang et al. 2024; Zhang et al. 2025).

Traditional 2D watermarking techniques are highly vul-
nerable to purification and detection attacks (Li et al. 2021;
Wang et al. 2024; Wu and Wang 2021), significantly dimin-
ishing their effectiveness. However, these neural network-
based or 2D image transformation-based watermark purifi-
cation methods pose no direct threat to existing 3D Gaussian
watermarking schemes, as they inherently overlook the geo-
metric continuity and intrinsic properties of 3DGS. More-
over, current 3D Gaussian watermarking frameworks are
carefully designed to embed watermark information into the
model itself rather than merely into rendered images (Guo
et al. 2024c; Zhang et al. 2024). Therefore, we primar-
ily focus on watermarking methods that target 3D scene
hiding, as traditional 2D watermark purification strate-
gies exhibit poor generalization and limited transferabil-
ity when applied to embedded 3D scenes.

Motivated by the limitations, we present GSPure, the first
dedicated watermark purification framework specifically de-
signed for 3DGS. Unlike existing methods that operate ex-
clusively in the rendered image domain, GSPure exploits the
intrinsic geometric and rendering properties of 3D Gaussian
primitives. Particularly, we observe that watermark-related
Gaussian primitives exhibit distinct viewpoint-dependent
rendering characteristics compared to those associated with
the original scene. Based on this insight, we propose a view-
aware gaussian weight accumulation strategy to quan-
tify the rendering contributions of original-scene Gaussians
across multiple viewpoints. To further enhance the accuracy
of Gaussian separation, we introduce geometrically accu-
rate feature clustering, which integrates Gaussian positions,
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Figure 1: Visualization of purification results by GSPure on existing scene-level watermarking techniques (Guo et al.
2024c; Zhang et al. 2024). From left to right: watermark extracted by the copyright owner from the original published
point cloud; the original published point cloud containing watermark information; feature clustering results which highlights
watermark-correlated Gaussian primitives achieved by our GSPure (lower ranks indicate lower preservation priority); and the
watermark extracted after applying our adaptive pruning. Clearly, the majority of watermark information is effectively removed.

opacity, and computed contributions into a unified geometric
feature space. By applying adaptive clustering, GSPure ef-
fectively isolates and removes watermarks while preserving
original scene fidelity. Comprehensive experiments demon-
strate that GSPure achieves superior watermark purification
performance across existing scene hiding methods, high-
lighting its robustness, generalization, and practical effec-
tiveness. Our contributions are three-fold:

• We are the first to systematically explore watermark pu-
rification techniques for 3DGS watermarking and pro-
pose GSPure, the first framework designed specifically
for purifying 3D scene-level watermarks.

• To accurately isolate watermarks, we propose a view-
aware gaussian weight accumulation mechanism to
quantify Gaussian contributions. Additionally, we intro-
duce a geometrically accurate feature clustering strategy
along with an adaptive pruning mechanism, enabling pre-
cise and effective watermark removal.

• Extensive experiments across various 3DGS watermark-
ing methods demonstrate that our approach consis-
tently achieves superior watermark purification effec-
tivess while preserving original scene fidelity.

Related Works
3D Gaussian Splatting. The success of 3DGS lies in its dis-
crete 3D Gaussian representation of scenes, which has led to
a surge of research interest. Recent efforts have focused on
enhancing rendering quality (Yu et al. 2024b), improving ef-
ficiency (Fan et al. 2024; Chen et al. 2024), and optimizing
storage (Navaneet et al. 2024). Additionally, 3DGS has been
extended to dynamic 3D scenes (Wu et al. 2023; Li et al.
2024), large-scale outdoor environments (Liu et al. 2024),
and high-speed scenarios (Xiong et al. 2024; Yu et al. 2024a;
Guo et al. 2024b). Researchers have also relaxed its con-
straints on camera poses (Müller et al. 2022) and sharp im-
ages (Chen and Liu 2024). Beyond reconstruction, 3DGS is

widely applied in inverse rendering (Guo et al. 2024a; Liang
et al. 2023; Gao et al. 2023), 3D generation (Yi et al. 2023),
and 3D editing (Chen et al. 2023).
Copyright Protection in 3D Gaussian Splatting. Due to
the high value of 3DGS assets, various copyright protec-
tion techniques have emerged to safeguard the ownership
and authenticity. GS-Hider (Zhang et al. 2024), the first
dedicated 3DGS steganography framework, replaces spheri-
cal harmonics coefficients with secure features and employs
dual decoders to disentangle hidden messages from scene
content. Splats in Splats (Guo et al. 2024c) improves usabil-
ity by embedding watermarks via importance-graded spher-
ical harmonics encryption and opacity mapping, preserv-
ing vanilla 3DGS attributes. Finally, SecureGS (Zhang et al.
2025) adopts a anchor-point design with hybrid Gaussian en-
cryption, embedding hidden attributes into anchor features,
achieving superior fidelity and speed.
Watermark Purification. Traditional 2D watermark re-
moval methods target superficial perturbations (e.g., crop-
ping, rotation, noise) or leverage neural networks for erasure
(Liu, Zhu, and Bai 2021; Cao et al. 2019). However, the
unique rendering pipeline of 3DGS, which optimizes mil-
lions of anisotropic Gaussians through differentiable splat-
ting, embeds watermarks directly into the scene’s geomet-
ric and photometric attributes. This fundamentally shifts the
focus of watermark attacks: instead of targeting the ren-
dered image, adversaries must now operate directly on
the 3DGS model itself. Our work pioneers this direction,
proposing 3D-aware watermark purfication framework that
bypass 2D constraints to challenge the robustness of 3DGS
copyright protecting frameworks.

Methodology
Preliminaries
3DGS provides an explicit and efficient representation of
3D scenes by modeling them as a collection of anisotropic
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Figure 2: Overview of our GSPure framework. First, we compute the rendering contribution of each Gaussian primitive
from multiple viewpoints. Next, we construct geometry-aware features and use HDBSCAN to identify watermark-correlated
clusters. Finally, adaptive pruning based on cluster-level and noise-level thresholds (τc and τn) effectively removes watermark-
related Gaussians while preserving original scene fidelity.

Gaussian primitives. Each Gaussian primitive G is parame-
terized by its spatial position x ∈ R3 and covariance matrix
Σ ∈ R3×3, which defines its shape and orientation:

G(x) = exp

(
−1

2
(x− µ)TΣ−1(x− µ)

)
. (1)

Where µ represents the mean position, the covariance ma-
trix Σ is factorized into a rotation matrix R and a diagonal
scale matrix S, ensuring independent control over shape and
orientation:

Σ = RSSTRT . (2)

Rendering is achieved by projecting 3D Gaussians onto a 2D
image plane. This transformation is performed by comput-
ing the projected covariance Σ′ in screen space:

Σ′ = JWΣWTJT , (3)

where J is the Jacobian of the projective transformation, and
W is the camera-view transformation matrix. After projec-
tion, the final image is obtained using alpha compositing,
where Gaussians are blended in a front-to-back order:

C =
∑
i

ciαi

i−1∏
j=1

(1− αj), (4)

where ci represents the color of each Gaussian, and αi is
its opacity. Each Gaussian primitive is defined by a set of
attributes:{xi, ri, si, αi, ci}, where xi ∈ R3 denotes posi-
tion, ri ∈ R4 encodes rotation as a quaternion, si ∈ R3

defines scale, αi is a scalar opacity value, and ci ∈ Rn×3

represents the color.

Problem Settings and Intuitive Methods

For copyright owners of 3DGS assets, embedding water-
marks in point cloud files allows for traceability when mod-
els are publicly shared. Unauthorized users who exploit
these assets can be identified through watermark extraction.
For the copyright infringer, the goal is to directly purify
watermarks from the 3DGS file while preserving its usabil-
ity for downstream tasks such as rendering and editing. If
successful, such an attack would fundamentally compromise
existing 3DGS copyright protection frameworks, revealing
critical vulnerabilities.

Intuitive 3DGS watermark purification methods. 1)
Random Gaussian Pruning: Unlike image cropping, it re-
moves randomly selected Gaussian primitives along with
their attributes (e.g., opacity, color). 2) Feature Scaling:
This approach scales the color and opacity attributes of
Gaussian primitives, potentially weakening the visibility of
watermark-related Gaussians. 3) Attribute Noise Injection:
Adding noise to photometric features, such as spherical har-
monics coefficients, aims to obfuscate watermark signals
embedded in Gaussian parameters. 4) Surface-Aware Pu-
rification: Extracting scene surfaces using Gaussian Opacity
Fields (GOF) (Yu et al. 2024c) attempts to isolate core ge-
ometry from watermark-related artifacts. While these meth-
ods introduce perturbations to Gaussian parameters, the in-
herent coupling and redundancy of 3DGS watermarking sig-
nificantly limit their effectiveness. These approaches either
fail to remove the watermark completely or simultaneously
degrade the fidelity of the original scene, making them un-
suitable for precise watermark purification.
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The Proposed Purification Framework GSPure
Motivation and overview. As demonstrated above, existing
3DGS watermarking frameworks either exhibit tight cou-
pling between watermark information and the original scene
(Zhang et al. 2024, 2025), or rely on hidden watermark re-
covery viewpoints and attributes unknown to the attacker
(Guo et al. 2024c). This makes traditional watermark at-
tacks based on simple cropping, noise injection, or filtering
ineffective. However, we observe that watermarks embed-
ded through parametric optimization exhibit strong correla-
tions with highly related Gaussian primitives in terms of po-
sition, opacity, and their role within the rendering pipeline.
Specifically, Gaussian primitives that play critical roles in
rendering the original scene often remain inactive during
watermark recovery. This indicates that analyzing Gaussian
contributions from different viewpoints in the original, user-
visible scene presents an opportunity to isolate Gaussian
primitives highly correlated with the watermark. Inspired
by this insight, we propose a view-aware gaussian weight
accumulation method to quantify the contribution weight
of each Gaussian under various viewpoints. Furthermore,
due to viewpoint discontinuities and the strong coupling be-
tween the original and watermark scenes, relying solely on
weighted contributions could partially damage the original
scene or leave some watermark information intact. Thus,
we further propose a geometrically accurate feature clus-
tering strategy, combining Gaussian positions, opacity, and
weighted contributions as joint features. By applying prun-
ing at the cluster level, our method achieves a more effective
separation between watermarks and original scenes.

View-Aware Gaussian Weight Accumulation. We rep-
resent the publicly available point cloud as a set of Gaussian
primitives {Gk | k = 1, . . . ,K} in R3. Each Gaussian Gk is
parameterized by its center position pk ∈ R3, opacity αk,
rotation matrix Rk ∈ R3×3, and scale matrix Sk ∈ R3×3,
defined explicitly as:

Gk(x) = exp

(
−1

2
(x− pk)

TΣ−1
k (x− pk)

)
, (5)

where Σk = RkSkS
⊤
k R

⊤
k is the covariance matrix of Gaus-

sian Gk. For a specific rendering viewpoint v, given a cam-
era center ov and a ray direction rv , let the ray intersect with
the Gaussian Gk at a distance tv along the ray, such that the
intersection point is xv = ov + tvrv . We then define the
ray-Gaussian intersection energy E(Gk,ov, rv) as follows:

E(Gk,ov, rv) = exp
(
− 1

2

(
rTv Σ

−1
k rvt

2
v+

2oT
v Σ

−1
k rvtv + oT

v Σ
−1
k ov

))
,

(6)

where tv is the intersection distance from the center ov along
the direction rv to the Gaussian Gk.

Considering occlusion effects, the contribution of Gaus-
sian Gk at viewpoint v is modulated by the opacity and inter-
section energy of preceding Gaussians following an alpha-
blending mechanism. We denote this viewpoint-dependent
contribution as ωk,v:

ωk,v = αk · E(Gk,ov, rv)
k−1∏
j=1

(1− αjE(Gj ,ov, rv)). (7)

Where αj denotes the opacity, indicating the rendering or-
der, and the product term represents cumulative transmit-
tance due to occlusion by previous Gaussians. To capture
the overall importance of each Gaussian across multiple
views, we define a view-accumulated weight ωk by averag-
ing these rendering contributions across N rendered view-
points: ωk = 1

N

∑N
v=1 ωk,v. Intuitively, the weight ωk

quantifies the average rendering contribution of Gaus-
sian Gk across different viewpoints. Gaussians highly cor-
related with watermark information typically exhibit lower
ωk due to their inconsistent or viewpoint-specific rendering
behaviors. Conversely, Gaussians strongly associated with
the original scene demonstrate higher and more consistent
contribution values across viewpoints.

Geometrically Accurate Feature Clustering. Due to the
training manner of scene hiding and the density mechanism
of Gaussian primitives, watermark-related Gaussian prim-
itives typically exhibit strong geometric and opacity cor-
relations (Guo et al. 2024c). Inspired by this observation,
we combine the computed view-accumulated weights with
Gaussian positional and opacity information to construct
a unified geometrically coherent feature, which effectively
mitigates discontinuities across viewpoints and breaks the
tight coupling between watermark information and the orig-
inal scene. Specifically, we first standardize Gaussian posi-
tions, opacities, and view-accumulated weights individually,
and then concatenate these standardized values into the fol-
lowing high-dimensional feature vector Fk:

Fk = Concat
(
pk − µp

σp
,
αk − µα

σα
,
ωk − µω

σω

)
, (8)

where µp/σp, µα/σα, and µω/σω denote the mean and stan-
dard deviation for positions, opacities, and weights com-
puted across all Gaussian primitives, respectively.

Considering the significant variability of Gaussian prim-
itives across different scenes, we employ the adap-
tive density-based hierarchical clustering method HDB-
SCAN (McInnes et al. 2017) to effectively capture diverse
distributions. This yields a collection of coherent clusters
along with noise points, defined as: C = {C1, ..., CM}∪N ,
where Ci denotes a cluster and N denotes the noise points.

To quantify the importance of each cluster, we compute
the average weight contribution Ω̃(Ci) of each cluster Ci by
averaging the view-accumulated weights:

Ω̃(Ci) =
1

|Ci|
∑
k∈Ci

ωk. (9)

Adaptive Pruning. For pruning, we consider that Gaus-
sian primitives within the same cluster contribute consis-
tently. Consequently, we prune at the cluster level: if the
average contribution of a cluster falls below a dynamically
determined threshold, all Gaussians within the cluster are re-
moved. Conversely, noise points are evaluated individually.
Specifically, watermark-related Gaussian clusters typically
exhibit a significant gap in average contribution compared
to the global mean, prompting us to introduce two adaptive
pruning thresholds: a cluster pruning factor τc and a noise
pruning factor τn. These factors dynamically adjust pruning
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Figure 3: Qualitative comparisons on Mipnerf360 datasets. The first row of each group represents the original scene while
the second represents the hidden watermark. Our GSPure effectively removes watermarks across all 3DGS watermarking
methods while preserving the integrity of the original scene with minimal impact.

thresholds based on the global average Gaussian contribu-
tion ω̄ = 1

K

∑K
i=1 ωi, ensuring selective removal while pre-

serving essential scene structures. Our pruning mechanism
is thus expressed as follows:

Prune(Gk) =

I
(
Ω̃(Ci) <

ω̄
τc

)
, if Gk ∈ Ci,

I
(
wk < ω̄

τn

)
, if Gk ∈ N ,

(10)

where I(·) is the indicator function, and thresholds τc and τn
dynamically adjust the pruning criteria based on the global
average gaussian weight ω̄. This ensures the flexibility of
our framework, achieving effective watermark purification
while preserving original scene integrity.

Experiment
Experimental Settings
Implementation Details. We adopt the training parameters
provided in Splats in Splats, GS-Hider, and SecureGS, re-
spectively. All experiments are conducted on an NVIDIA
A800 GPU. Unless otherwise stated, the thresholds τn and
τc in Eq. 10 are set to (τn, τc) = (4, 4) for Splats in Splats,
(4, 4) for GS-Hider, and (2, 3) for SecureGS. For SecureGS,

all weight analyses are performed at the anchor level. Addi-
tionally, we modify the CUDA implementation of 3DGS to
support the computation of rendering contribution weights.

Experimental Settings
Datasets. Following existing 3DGS watermarking meth-
ods (Guo et al. 2024c; Zhang et al. 2024, 2025), we con-
duct main experiments on Mip-NeRF360 dataset (Barron
et al. 2022). We maintain consistent scene-watermark asso-
ciations used by GS-Hider (Zhang et al. 2024).

Baselines. We adapt traditional 2D watermark purifica-
tion techniques for comparative evaluation. We select four
baseline methods: (1) Random Gaussian Pruning, where a
certain ratio of Gaussian primitives are randomly removed;
(2) Feature Scaling, which amplifies Gaussian color features
(or anchor features in SecureGS); (3) Gaussian Noise Injec-
tion, where Gaussian noise perturbations are introduced to
attributes of Gaussian primitives; and (4) Gaussian Opacity
Fields (GOF) (Yu et al. 2024c), which explicitly extracts the
surface of the original scene.

Metrics. We evaluate the fidelity of Novel View Synthesis
of original scenes using Peak Signal-to-Noise Ratio (PSNR)
and Structural Similarity Index Measure (SSIM). Addition-
ally, we introduce a Score metric to comprehensively assess
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Bicycle Bonsai Room Flowers Treehill Garden Stump Counter Kitchen
Method

Scene Message Scene Message Scene Message Scene Message Scene Message Scene Message Scene Message Scene Message Scene Message
Score

Splats in Splats 24.43 28.99 30.95 25.83 30.93 23.36 20.69 29.01 22.16 22.79 26.83 29.01 25.41 28.81 28.64 22.52 30.70 28.35 0.00
Random Pruning 22.35 26.96 26.31 23.68 27.31 20.78 18.85 26.99 20.72 20.73 23.75 26.72 23.24 26.89 25.60 20.71 24.97 25.51 -0.88
Feature scaling 18.03 29.33 18.83 26.36 18.43 24.14 16.47 29.42 17.21 23.24 17.72 29.46 17.90 29.29 18.01 22.93 18.24 29.10 -9.38
Gaussian Noise 19.90 29.33 21.08 26.36 21.01 24.14 17.93 29.42 18.64 23.24 20.55 29.46 20.23 29.29 20.75 22.93 20.81 29.10 -7.15

GOF 18.56 16.66 18.43 13.55 19.47 12.60 14.58 18.34 17.09 17.87 19.34 12.89 19.70 20.44 16.58 11.79 19.05 16.50 2.24
Ours 23.20 8.27 26.48 9.33 30.24 8.19 19.54 11.13 21.40 13.84 25.10 9.42 23.88 9.30 28.60 10.14 27.59 10.49 15.21

GS-Hider 23.20 19.43 31.06 25.28 30.94 23.00 20.36 23.08 19.59 20.51 25.11 24.68 24.84 25.00 26.97 20.48 29.80 24.35 0.00
Random Pruning 21.25 15.40 27.19 21.31 28.39 20.17 18.37 19.30 18.51 18.98 22.00 21.29 22.99 21.73 24.79 18.93 25.22 19.51 0.68
Feature scaling 20.64 17.11 26.04 23.48 24.36 21.46 19.26 22.44 17.84 19.32 24.08 23.45 23.77 23.89 22.68 19.84 27.49 21.99 -1.42
Gaussian Noise 22.68 17.10 25.90 23.32 27.56 20.43 19.36 22.05 19.20 20.51 23.68 23.15 22.07 21.60 25.60 19.92 27.78 18.78 0.11

GOF 11.91 11.42 17.61 10.96 18.96 14.71 11.56 14.15 14.39 16.25 14.05 13.71 14.97 14.22 17.60 10.42 15.30 12.83 -0.93
Ours 23.11 11.60 29.55 9.76 30.06 13.95 20.25 14.18 19.48 14.56 24.91 13.88 24.69 14.26 26.17 3.29 27.49 12.83 10.16

SecureGS 24.24 21.80 30.50 21.37 31.22 21.58 20.57 23.84 22.22 23.78 26.62 26.88 25.52 24.62 28.50 20.85 29.78 23.24 0.00
Random Pruning 21.60 20.27 24.89 19.45 26.78 19.61 18.60 21.54 20.51 21.55 22.54 24.40 22.85 22.52 24.99 19.25 23.30 20.71 -1.59
Feature scaling 19.30 16.71 21.96 13.09 22.60 14.19 17.00 16.79 17.17 17.37 20.31 18.80 20.24 17.45 20.70 16.39 21.73 15.60 0.39
Gaussian Noise 23.62 21.63 28.52 20.51 30.24 20.94 20.08 23.37 21.82 23.27 25.64 26.55 24.89 24.18 26.92 20.55 27.99 22.57 -0.55

GOF 17.57 11.49 14.21 11.67 14.47 9.83 12.13 11.51 12.69 13.29 17.16 10.80 17.87 10.33 15.34 11.37 17.08 11.28 0.64
Ours 23.44 15.30 26.81 14.81 30.35 20.25 19.34 16.10 21.38 15.79 26.29 20.93 24.52 17.35 27.55 15.13 27.73 14.77 5.03

Table 1: Quantitative PSNR comparison on Mip-NeRF 360 dataset. Bold values indicate the best performance. The “Score”
metric summarizes overall effectiveness, balancing watermark removal performance with minimal scene disturbance.

watermark removal effectiveness, defined as:

Score = ∆PSNRmessage −∆PSNRscene. (11)

A higher Score indicates more effective watermark removal
with better preservation of the original scene fidelity.

Main Results
We evaluate the effectiveness of GSPure against four base-
lines across three 3DGS watermarking frameworks (Splats
in Splats (Guo et al. 2024c), GS-Hider (Zhang et al. 2024),
and SecureGS (Zhang et al. 2025)). Comprehensive results
summarized in Fig. 3 and Tab. 1 demonstrate that GSPure
consistently achieves superior watermark purification while
retaining the fidelity of original scenes across multiple met-
rics, validating its efficacy and transferability.

Original Scene Fidelity. Compared to baselines, GSPure
effectively preserves the fidelity of the original scene while
removing watermarks. As shown in Fig. 3, the rendered re-
sults of GSPure after pruning are nearly indistinguishable
from the original scene, demonstrating the robustness of our
weight computation and clustering strategy in decoupling
watermark-related Gaussians from those contributing to the
original scene. For instance, under Splats in Splats, GOF,
Feature Scaling, and Gaussian Noise significantly degrade
both visual and geometric fidelity. Similar degradation is
observed across the other two watermarking methods. The
quantitative results in Tab. 1 further verify this observation.
In the GS-Hider framework, our pruning approach reduces
the PSNR of the original scene by only 0.68 on average, sub-
stantially outperforming GOF and Gaussian Noise, which
cause PSNR drops of 9.68 and 2.21, respectively.

Notably, under SecureGS, GSPure does not achieve the
highest scene fidelity, yielding a PSNR of 25.27, slightly
lower than Gaussian Noise (25.53). This is due to Se-
cureGS’s reliance on the Scaffold-GS anchor-based design,

which inherently provides robustness against Gaussian noise
perturbations. However, this also results in a major draw-
back: Gaussian Noise fails to effectively remove water-
marks, demonstrating nearly no impact. Overall, GSPure ex-
hibits superior performance in preserving scene fidelity.

Watermark Purification Effectiveness. GSPure signifi-
cantly outperforms all baselines in watermark purification.
As illustrated in Fig. 3, the extracted watermark after ap-
plying GSPure contains minimal residual information from
the original watermark. under both GS-Hider and Splats in
Splats, nearly no watermark traces remain, whereas methods
like Random Pruning struggle to effectively purify water-
marks. Notably, GOF (Yu et al. 2024c) achieves relatively
strong watermark removal, even surpassing GSPure in Se-
cureGS. However, this comes at a severe cost: GOF causes
irreversible and unacceptable damage to the original scene.

The quantitative results in Tab. 1 reinforce these findings.
Under Splats in Splats, GSPure achieves the most signif-
icant improvement, surpassing the second-best method by
5.44 PSNR in watermark removal. Additionally, GSPure
achieves the highest Score across all three watermarking
methods, consistently outperforming the second-best ap-
proach by margins of 12.97, 9.48, and 4.39. This con-
sistently strong performance underscores the effectiveness
of our weight-based adaptive clustering mechanism, which
selectively prunes watermark-related Gaussian primitives
while preserving the integrity of the original visual content.

Ablation Study
Necessity of Weight Accumulation and Feature Clus-
tering. To thoroughly evaluate the effectiveness of two
core components, we conduct an ablation study with dif-
ferent configurations involving opacity filtering (Opacity),
weight contribution analysis (Weight), and clustering (Clus-
ter). Each configuration represents a variant of GSPure. The
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GS-Hider SecureGSOpacity Weight Clustering PSNR↓ SSIM↓ PSNR↓ SSIM↓
! % % 14.67 0.55 21.04 0.69
% ! % 14.20 0.53 19.41 0.64
! ! % 12.29 0.49 20.27 0.67
! % ! 12.81 0.54 17.61 0.61
% ! ! 12.82 0.54 16.88 0.59
! ! ! 12.03 0.49 16.71 0.56

Table 2: Quantitative comparison of watermark residuals un-
der GS-Hider and SecureGS.

Scene MessageOpacity Weight Clustering PSNR↑ SSIM↑ PSNR↓ SSIM↓
! % % 26.25 0.77 21.25 0.70
% ! % 24.33 0.73 9.60 0.27
! ! % 24.26 0.71 9.52 0.26
! % ! 22.47 0.65 9.06 0.21
% ! ! 25.00 0.76 15.76 0.52
! ! ! 25.62 0.77 10.19 0.28

Table 3: Quantitative comparisons of scene fidelity and wa-
termark residual under Splats in Splats.

results in Tab. 2 and Tab. 3 indicate that the fully config-
ured GSPure achieves the best overall performance in most
cases. For instance, on GS-Hider, it reduces the watermark
PSNR to 12.03 and SSIM to 0.49, demonstrating its ef-
fectiveness in watermark removal. In contrast, on Splats in
Splats, using only Weight or combining Opacity+Cluster
achieves competitive watermark purification, even surpass-
ing GSPure. However, these methods exhibit poor scene fi-
delity preservation, resulting in a lower overall score. Even
though using Opacity+Weight or Weight+Cluster indepen-
dently still delivers strong performance, we recommend the
full GSPure configuration for the best generalization and ro-
bustness across diverse 3DGS watermarking methods.

Figure 4: Impact of noise and cluster pruning factors on
scene quality and watermark removal.

Pruning Thresholds. Fig. 4 evaluates the impact of vary-
ing τn and τc from 1.0 to 4.0 on Splats in Splats. Overall,
bigger τn will increase PSNR for both the scene and the wa-
termark, aligning with our intuition that watermark-related
Gaussian primitives in noise are highly entangled with nor-
mal scene primitives. Regarding τc, we find that increasing
its value has minimal impact on watermark removal but sig-
nificantly improves scene quality. This is attributed to the
effectiveness of feature clustering, ensuring that watermark-
correlated Gaussian clusters exhibit a substantial gap from
the pruning threshold. Based on these findings, we recom-
mend using a relatively high τc and adjusting τn flexibly to
achieve optimal purification performance.

Visualization of Point Cloud
From the perspective of copyright owners, we extract
watermark-correlated and scene-correlated Gaussian prim-
itives, as illustrated on the left side of Fig. 5. We then
compute the Gaussian contribution weights and visualize

the clustering results of GSPure in the middle column
of Fig. 5. Surprisingly, GSPure nearly perfectly disentan-
gles watermark-related Gaussian from those associated with
the original scene, further validating the effectiveness of
GSPure. Additionally, we observe that watermark-related
Gaussian primitives tend to be clustered together, signifi-
cantly increasing their likelihood of being pruned. The right
column presents the point cloud after pruning, demonstrat-
ing GSPure’s ability to maintain the fidelity of the original
scene while achieving highly effective watermark removal.

Figure 5: Visualization of Point Cloud. The left column rep-
resents the “Ground Truth”. The middle column shows the
clustering results of our GSPure. The right column presents
the pruned point cloud after GSPure.

Conclusion
In this work, we conduct the first systematic exploration of
watermark purification for 3DGS watermarking and propose
GSPure, a novel framework specifically designed for effec-
tive watermark removal in 3DGS models. Unlike existing
approaches that suffer from tight entanglement between wa-
termark signals and original scene attributes, GSPure lever-
ages a view-aware weight accumulation method alongside
geometrically accurate feature clustering to precisely iso-
late and eliminate watermark-correlated Gaussian primi-
tives. Our results demonstrate that current 3DGS watermark-
ing methods do not provide absolute protection, as water-
marks can be effectively removed while preserving the in-
tegrity of the original scene. We advocate for the develop-
ment of more robust 3D Gaussian watermarking techniques
and, in parallel, the advancement of principled and adap-
tive watermark removal methods. A deeper understanding
of 3DGS watermark vulnerabilities and defenses is essen-
tial to fostering future research in copyright protection and
adversarial robustness for 3D scene representations.
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