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Abstract

4D Gaussian Splatting (4DGS) enables high-
quality, real-time rendering of dynamic scenes and
is becoming a popular format for sharing 4D assets.
This trend calls for robust copyright watermark-
ing that can be verified from rendered videos with-
out access to the original scene or model parame-
ters. However, watermarking 4DGS is challenging:
verification relies on short multi-view clips whose
frames vary with motion, viewpoint changes, and
post-processing. More importantly, decoding from
rendered frames is easily dominated by scene con-
tent (objects, textures, illumination) rather than
subtle watermark traces, leading to unstable evi-
dence across frames and poor generalization across
scenes. We propose Guard4D, a decoupled water-
marking framework for 4DGS. Guard4D pre-trains
a general-purpose message decoder under text su-
pervision and embeds a binary message by opti-
mizing compact spherical-harmonic offsets while
keeping geometry and opacity fixed. <To improve
extraction from short clips and suppress seman-
tic interference, we introduce a temporal model-
ing and semantic decoupling (TMSD) module that
temporally aggregates watermark information and
uses clean and noise-perturbed control clips gen-
erated from the non-watermarked model to reduce
the influence of semantics on watermark decoding.
Extensive experiments on dynamic 4DGS scenes
demonstrate the effectiveness of Guard4D. Code is
available at https://github.com/shisyy/Guard4D.

1 Introduction

Three-dimensional assets have become fundamental to mod-
ern digital-content creation, virtual and augmented reality,
and cultural-heritage preservation [Boboc et al., 2022]. As
dynamic neural assets become increasingly exchanged and
commercialized, robust copyright protection and ownership
verification become critical. Digital watermarking offers
a practical mechanism to embed imperceptible information
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Figure 1: Given a 4DGS asset, we embed a binary message into
its representation to obtain a watermarked model. The watermarked
model is differentiably rendered into video, from which the private
decoder extracts the embedded watermark.

for attribution and verification [Narendra et al., 2022], and
neural watermarking further extends this capability to neu-
ral rendering models [Boenisch, 2021; Chen er al., 2023].
Prior works have explored watermarking for neural repre-
sentations and Gaussian splatting, mostly under static as-
sumptions. NeRF-based approaches embed messages into
radiance-field parameters but often incur expensive rendering
costs [Boenisch, 2021; Chen et al., 2023]. 3D Gaussian Splat-
ting (3DGS) represents a scene with anisotropic Gaussians
and spherical-harmonic (SH) appearance, supporting real-
time rendering [Kerbl ef al., 2023], and recent methods wa-
termark 3DGS by perturbing a subset of Gaussian parameters
or optimizing lightweight residual offsets [Jang er al., 2025;
Chen er al., 2025]. However, these designs implicitly rely
on time-invariant geometry and appearance. In contrast,
4DGS models dynamics via temporally deformable Gaus-
sians, where both geometry and view-dependent appearance
evolve continuously over time [Wu ez al., 2024]. This shift
exposes an emerging protection gap: watermarking tech-
niques tailored to static scenes are not designed for spatiotem-
porally deformable Gaussian fields.

Watermarking 4DGS is challenging for two reasons. First,
in practice the verifier rarely operates on a single still image;
ownership is checked from short rendered multi-view clips.
Motion, viewpoint changes, and rendering artifacts intro-
duce frame-to-frame variations, so watermark evidence may
be weak or inconsistent if decoding depends on individual
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frames. Second, to make watermarking scalable, we would
like a reusable decoder that generalizes across scenes. A nat-
ural choice is to leverage CLIP [Radford et al., 2021] to pre-
train a message decoder under text supervision, but at verifi-
cation time the evidence comes from rendered frames: CLIP
visual embeddings inevitably entangle watermark traces with
rich scene semantics (objects, textures, illumination), creat-
ing a distribution gap to the message-centric text embeddings
used during decoder pre-training. Bridging this gap without
sacrificing invisibility or robustness is non-trivial.

In this paper, we formulate watermarking for 4DGS for the
first time. Given a reconstructed 4DGS model and a binary
copyright message, the goal is to embed the message such
that (i) normal renderings remain visually indistinguishable
from the original, and (ii) the message can be reliably recov-
ered from short rendered multi-view clips, without access to
the original scene or model parameters (Fig. 1). To address
the above challenges, we propose Guard4D, a decoupled wa-
termarking framework. We first pre-train a general-purpose
message decoder by exploiting CLIP’s shared text—image em-
bedding space: a deterministic bit-to-token mapping gener-
ates watermark token sequences, whose CLIP text embed-
dings supervise a lightweight bit decoder. This message de-
coder is trained once offline and then kept fixed across scenes.

For a target 4DGS asset, Guard4D embeds the message
by optimizing compact additive offsets on the SH appearance
coefficients while keeping geometry and opacity fixed. Be-
cause 4DGS rendering is fully differentiable, these offsets
can be optimized end-to-end from rendered clips, making
embedding efficient and reversible. To improve extraction
from short clips and to mitigate the semantic entanglement
in CLIP visual embeddings, Guard4D introduces a temporal
modeling and semantic decoupling (TMSD) module placed
before the frozen CLIP visual encoder. The module aggre-
gates evidence across neighboring frames via 3D convolu-
tions and transforms the rendered clip into a representation
that emphasizes watermark before CLIP feature extraction,
while keeping the downstream decoder unchanged. More-
over, semantic decoupling is enforced through supervision:
we render paired clean and noisy control video segments from
the original (non-watermarked) model under identical cam-
era trajectories, and penalize message-consistent predictions
on these semantic-only controls. This counterfactual regu-
larization discourages semantic shortcuts and encourages the
extractor to respond specifically to watermark-induced traces.
We summarize our contributions as follows:

e We formulate 4DGS watermarking for the first time,
targeting practical ownership verification by extracting
a binary message directly from rendered multi-view
videos of dynamic Gaussian scene representations.

* We propose Guard4D, a decoupled watermarking frame-
work that embeds messages by optimizing SH offsets
and enables clip-level extraction with a TMSD module
optimized using clean and noisy control supervision to
bridge the text—visual gap and suppress semantic inter-
ference.

» Experiments on dynamic 4DGS scenes demonstrate that
Guard4D effectively suppresses semantic interference,

enabling more accurate watermark recovery while pre-
serving rendering fidelity.

2 Related Work

3D Gaussian Splatting and 3DGS Watermarking. Neu-
ral radiance fields (NeRF) [Mildenhall et al., 2021] en-
able high-fidelity novel-view synthesis via implicit volumet-
ric rendering, but their sampling-heavy formulation often in-
curs substantial computational overhead, motivating acceler-
ation strategies [Wang er al., 2023b] and generative exten-
sions [Poole ef al., 2022; Wang et al., 2023d]. To improve
efficiency, 3DGS represents scenes with explicit anisotropic
Gaussian primitives equipped with spherical-harmonic (SH)
appearance features, enabling real-time rendering with high
visual fidelity [Kerbl et al., 2023]. Since its introduction,
3DGS has been extended into a versatile framework span-
ning reconstruction and geometry processing (e.g., mesh ex-
traction and anti-aliasing) [Guédon and Lepetit, 2024; Yu et
al., 2024], SLAM and online mapping [Yan et al., 2024;
Matsuki et al., 2024], as well as generative and animatable
modeling [Liang et al., 2024; Zou et al., 2024; Shao et al.,
2024]. With the increasing adoption of neural rendering mod-
els in practical pipelines, protecting model ownership has be-
come increasingly important. Classical digital watermark-
ing methods were developed in the frequency domain [Navas
et al.,2008; Tao and Eskicioglu, 2004] and later advanced
to deep learning based frameworks [Fernandez et al., 2023;
Wen et al., 2023]. For 3D assets, prior works embed mes-
sages into explicit shapes or geometric structures [Zhang
et al., 2023; Zhu et al., 2021]. Neural-scene watermark-
ing approaches further embed information into NeRF mod-
els for copyright verification [Jang er al., 2024; Song et
al., 2024b], but they are tied to implicit volumetric repre-
sentations and cannot be directly applied to explicit 3DGS.
Recent works therefore explore watermarking within Gaus-
sian Splatting by injecting messages into the Gaussian pa-
rameter space and optimizing for invisibility and robust-
ness under rendering [Huang et al., 2024; Jang et al., 2025;
Chen et al., 2025]. Geometry Cloak [Song et al., 2024a] pro-
vides a complementary protection perspective by inducing
identifiable reconstruction patterns via adversarial perturba-
tions. Overall, existing 3DGS watermarking techniques op-
erate exclusively on static scenes and typically assume time-
invariant geometry and appearance.

Dynamic Gaussian Representations. Modeling dynamic
scenes requires jointly capturing time-varying geometry, ap-
pearance, and motion. Early approaches extend static im-
plicit representations to dynamic settings via deformation
or canonical-space formulations [Gao ef al., 2022; Wang et
al., 2023c¢], yet they often remain computationally expensive
and struggle with real-time performance. Explicit Gaussian-
based dynamic representations provide a scalable alternative
with compact primitives and fast rasterization. Dynamic 3D
Gaussians [Luiten er al., 2024] generalize 3DGS to time-
varying scenes by allowing Gaussians to translate and rotate
over time under local-rigidity regularization. Deformable 3D
Gaussians [Yang et al., 2024] further incorporate canonical-
space deformation and differentiable rasterization for real-
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Figure 2: Overview of Guard4D. We pre-train a message decoder from CLIP text embeddings, then embed a binary message into a 4DGS
asset by optimizing SH offsets and rendering multi-view watermarked videos with fidelity losses. For extraction, the shared TMSD module
performs semantic decoupling on watermarked clips and clean/noisy control clips before the frozen CLIP visual encoder; the decoder is
trained to match the target on watermarked clips (Lmsg) While discouraging message-aligned outputs on clean and noisy controls (Lctri).

time reconstruction, while Spacetime Gaussian Feature Splat-
ting [Li ef al., 2024] augments primitives with temporal fea-
tures to better handle transient content. Parallel efforts ex-
plore explicit 4D representations and hybrid spatiotempo-
ral structures for efficient video synthesis [Lin ef al., 2023;
Wang et al., 2023al. Most relevant to our work, 4D Gaussian
Splatting (4DGS) integrates temporally deformable Gaus-
sians with neural voxels, enabling high-fidelity real-time
rendering of complex motions [Wu et al., 2024]. Despite
rapid progress in dynamic reconstruction and rendering, wa-
termarking for dynamic Gaussian representations remains
largely unexplored: existing 3DGS watermarking methods
provide no mechanisms to maintain watermark consistency
under temporal deformation, motivating our study of robust
and temporally stable watermarking for 4DGS.

3 Method

Our goal is to embed a binary copyright message into a recon-
structed 4D Gaussian Splatting (4DGS) model such that the
watermark is invisible in-normal rendering and extractable
from rendered multi-view clips without access to the origi-
nal clean model. The proposed pipeline follows a decoupled
design that separates a reusable message decoder from asset-
specific embedding and extraction adaptation. After this of-
fline pre-training stage, watermark embedding for a target
4DGS asset becomes an efficient optimization problem on a
small set of learnable spherical-harmonic offsets while keep-
ing the reconstructed geometry and opacity fixed. In addition,
we introduce a lightweight temporal modeling and semantic
decoupling (TMSD) module that improves extraction stabil-
ity on short video clips by aggregating spatiotemporal cues
and suppressing semantic interference.

3.1 4D Gaussian Splatting Preliminaries

4D Gaussian Splatting [Wu et al., 2024] provides a dynamic
scene by an explicit set of Gaussian primitives and renders

them by differentiable rasterization. Each scene is repre-
sented as a set of anisotropic 3D Gaussian primitives G; =
{p;, Xiyai,h; Y, where p; € R3 is the center, 3; is the co-
variance, o; denotes the opacity, and h; denotes the spherical
harmonic (SH) appearance coefficients. The SH coefficients
are-stored in two groups, including the DC term and the re-
maining higher-order terms:

h; = {h{, hi*"}. (1

For a camera at time ¢ with extrinsic transform W, and pro-
jection P, the Gaussian mean and covariance are mapped
to the image plane by p,, = P,Wyp,,, and S =
J Wy Ei,tWtT J,T, where J; is the Jacobian of the local affine
projection at f; ;. Given a camera at time ¢, each Gaussian
projects to an image-space ellipse, and its opacity contribu-
tion at pixel (x,y) is

Ui,t(fvy) = C%N((l',y), ﬂi,t» 2i,t)a (2)

where N(+; 4, 2) denotes the 2D Gaussian density. Let
c;+(z,y) be the view-dependent color obtained by evaluat-
ing SH coefficients h; under the current viewing direction.
The final pixel color is accumulated by depth-ordered alpha
compositing:

N
Ci(z,y) = Z Cit(2,y)oie(z,y) H (1 —0j(z, y)) 3)
i=1 J<i
This rendering process is fully differentiable, enabling us to

optimize a small SH perturbation to embed a binary message
while preserving appearance.

3.2 CLIP-guided Message Decoder Pre-training

We pre-train a lightweight message decoder Dy, once using
CLIP text features [Radford et al., 2021], and then keep it
fixed for all scenes. For each target 4DGS asset, only the
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scene-dependent SH offsets and the TMSD are optimized.
We leverage CLIP as a bridge between discrete watermark to-
kens and continuous visual representations. CLIP provides a
text encoder that maps a token sequence to a 512-dimensional
feature and a visual encoder that maps rendered frames into
the same latent space. Instead of training a scene-specific
image-to-message decoder, we first learn a general message
decoder that predicts bits from CLIP features under text su-
pervision. At verification time, the owner applies this fixed
decoder together with the private TMSD front-end to ren-
dered clips, without requiring access to the original clean
4DGS model.

Message tokenization. Let m € {0,1}% denote the target
message, where L is the message length. We construct a CLIP
token sequence t € Z7’ by mapping each bit position to one
of two reserved token IDs. Concretely, we pre-sample a bit-
to-token table ® € ZL*2 and set the (i+1)-th token to ®; ,,,,
while using special begin and end tokens at the boundaries.
The resulting sequence is padded to CLIP’s fixed length. This
mapping is fixed once generated and saved, which makes the
tokenization deterministic across runs.

Text-feature supervision and decoder learning. Given to-
kenized message t, the CLIP text encoder produces a normal-
ized feature fr € R512, We train a lightweight message de-
coder D, implemented as a multi-layer perceptron (MLP) to
reconstruct the original message:

Ih = Dw(fT), fT - ET(t) (4)

We supervise the logits m with the standard bit-wise binary
Cross entropy:

L
1
Laee(1h) = 7 Z BCEWithLogits (ri2;, m;). © (5)
=1

During pre-training, all CLIP parameters are frozen and only
the MLP decoder is optimized. This stage does not involve
any 3D scene or rendering process, which makes it fast and
scalable. After convergence, we keep the message decoder
fixed. During watermark embedding and verification, it is
used together with the asset-specific TMSD module as the
private extractor.

3.3 4D Watermark Embedding and Differentiable
Video Rendering

We embed the message into a reconstructed 4D Gaussian
Splatting (4DGS) model by learning compact additive off-
sets on its stored SH coefficients, and then render multi-view
video clips from the resulting watermarked model for extrac-
tion and verification. This formulation matches the practical
setting where the evidence is a short rendered video rather
than a single still image.

SH-offset parameterization for watermark embedding.
Let G denote the original 4DGS model parameters and Q
denote the watermarked model. We freeze all Gaussian at-
tributes except the spherical harmonic (SH) coefficients, and
introduce trainable offsets on the SH buffers. For each Gaus-
sian ¢ and each SH block k € {dc, rest}, we define

h¥ = h¥ + An?. (©6)

All offsets are stacked into tensors AH® and AH™S* whose
shapes match the stored fields in the 4DGS implementation.
We create a copy of the reconstructed Gaussian model and
only modify the SH buffers of the copy, which keeps the orig-
inal reconstruction intact and makes the watermarking pro-
cess reversible by simply discarding the offsets. This embed-
ding strategy binds the message to the scene representation
rather than to a particular view. The offsets in Eq. (6) only
affect the view-dependent color evaluation in the 4DGS ren-
derer (Eq. (3)), and thus the watermark signal is distributed
over many splats through the differentiable rasterizer. Be-
cause 4DGS rendering is consistent across novel viewpoints
and time, the same SH offsets induce correlated watermark
evidence across multi-view video clips, which is essential for
stable extraction from short clips.

Offset control and regularization. The two SH blocks
contribute differently to appearance. = The DC compo-
nent largely determines low-frequency color and global
tone, while the higher-order block mainly influences view-
dependent effects and high-frequency details. To control arti-
facts, we optimize AHI® and AH"™* with different learning
rates and apply stronger regularization to keep the perturba-
tion small.

Differentiable rendering of watermarked videos. After
injecting the watermark into G, we render multi-view video
clips using the standard 4DGS differentiable rasterizer. Let
C = {v}Y_, denote a set of sampled camera viewpoints.
Each view v is associated with a temporal sequence of frames
indexed by ¢t € {1,..., F'}. Rendering a clip from a 4DGS
model produces a tensor I € [0, 1]V*FX3XHXW where H
and W are the spatial resolution. We use I to denote refer-
ence renderings from the original model G and I to denote
renderings from the watermarked model Q .

Stochastic multi-view temporal sampling. Since render-
ing every view and every frame is expensive, we adopt
stochastic sampling during optimization. At each epoch, we
sample a subset of viewpoints and then sample a small num-
ber of frames per view to form a mini-batch clip. This mini-
batch still contains multi-view temporal redundancy while
keeping the optimization cost low.

3.4 Message Decoder with Temporal Modeling
and Semantic Decoupling

We consider the practical verification setting where the evi-
dence is a short rendered clip. Let I € [0, 1]BxPx3xHxW
denote a batch of clips rendered from the watermarked 4DGS
model, and m € {0, 1}* be the fixed target message. Com-
pared with still images, clips may exhibit frame-to-frame
variations caused by motion, viewpoint changes, and render-
ing noise, which can make decoding from any single frame
less reliable. Since the embedded message is constant over
the clip, aggregating information across multiple frames is
expected to improve robustness in practice. A second chal-
lenge stems from the mismatch between how the message
decoder is supervised and what is observable at verification
time. Our decoder D, is pre-trained under text supervision:
it takes the CLIP text embedding computed from watermark
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D-NeRF (Synthetic)

HyperNeRF (Real-world)

Method

Bit Acct PSNR?T SSIM1 LPIPS] BitAccT PSNR1T SSIM1 LPIPS |
GuardSplat [Chen et al., 2025] 88.64 41.17 0.9958  0.0036 97.75 42.97 0.9973 0.0032
Baseline 89.38 42.75 0.9969  0.0011 76.55 46.37 0.9984  0.0013
Guard4D (Ours) 99.81 49.87 0.9992  0.0002 96.83 54.19 0.9995  0.0003

Table 1: Quantitative comparison on D-NeRF and HyperNeRF with a fixed 16-bit watermark. Results are reported for single-frame Guard-
Splat, multi-frame GuardSplat (baseline), and the proposed Guard4D with semantic decoupling.

tokens (Sec. 3.2), yielding a message-focused representa-
tion. At verification time, however, we only observe rendered
frames. Encoding these frames with the frozen CLIP visual
encoder produces embeddings that inevitably mix watermark
traces with scene semantics (e.g., objects, textures, illumi-
nation), creating a distribution gap relative to the message-
centric text embeddings used in pre-training. We address
these issues with a unified TMSD module that aggregates
evidence over time, while semantic decoupling is primarily
enforced through supervision using clean and noisy control
clips.

Spatiotemporal watermark feature aggregation. We in-
troduce a TMSD module Ry placed in front of CLIP to sup-
press semantic interference. Given a clip, we apply a residual
3D ConvNet:

I"=Ry(I) =T+ s- Ay(I), @)
where Ay is a shallow 3D convolutional network and s is
a residual scaling factor. The 3D kernels span the temporal
axis, allowing each output frame to incorporate information
from neighboring frames and consolidating multi-frame ev-
idence. The resulting semantics-suppressed clip is then en-
coded by the frozen CLIP visual encoder Ey, and decoded by
the pre-trained message decoder:

o=D, (Ev(i*)) ,

where o denotes bit logits and o (-) is the sigmoid.

m = o(o); 8)

Supervision for semantic decoupling with clean/noisy con-
trols. Semantic decoupling in our design is imposed pri-
marily through supervision. In addition to the watermarked
clip I rendered from G, we render a paired clean clip I from
the original (non-watermarked) model G under the same cam-
era trajectory. By construction, I contains the same scene
semantics as I but does not contain the target watermark sig-
nal. We further form a perturbed variant I" = I + € with
€ ~ N(0,0%). Thesetwo clips provide explicit counter-
factual inputs: they allow us to regularize the extractor so
that message-aligned evidence arises from watermark traces
rather than from semantic content, while the noisy variant
prevents the regularization from being satisfied by fragile,
noise-sensitive cues.
Let m denote the target message. We obtain the main logits
o from the semantically decoupled I* = Ry (i), and compute
two auxiliary logits 0°"* and 0"°’*Y by running the same
Ry — Ey — Dy pipeline on I and I", respectively. We
train the main branch with the standard bit-wise binary cross
entropy:
Lse = BCEWithLogits(o, m). 9)

To enforce semantic decoupling, we introduce an inverse-
BCE regularizer on the two control branches:
Ectrl = Ectrlo + ['ctrln,
B 1
~ BCEWithLogits(0°7, m) + ¢ (10)
1
BCEWithLogits(o™**¥, m) + &

_|_

3.5 Training Objective

Let I € [0, 1]BXPx3xHXW denote a batch of clips rendered

from the watermarked model G, and let I denote the paired
clean clips rendered from the original model G under the same
sampled cameras and frames. The target watermark is a bi-
nary vector m €40, 1}% to be decoded from rendered video
clips.

Private decoding pipeline. Following Sec. 3.4, verification
uses a private decoder that applies a learnable TMSD module
before CLIP feature extraction:

D(J) = Dy(Ev(Rs(J))) € R, (11)

where R4 is the TMSD module for watermark-evidence en-
hancement, Ey is the (frozen) CLIP visual encoder, and D,
is the pre-trained message decoder. In our default training, we
optimize the watermark offsets together with ¢ (and any ad-
ditional enhancer parameters, collectively denoted as 6 when
needed), while keeping Ey fixed; D, is also kept fixed unless
explicitly stated. Overall, we balance three goals: (i) the ren-
dered appearance of the watermarked model should remain
close to the original; (ii) the private decoder should reliably
recover m from watermarked renders; (iii) the decoder should
not spuriously recover m from clean renders that share the
same scene semantics.

Reconstruction loss for visual fidelity. To preserve the us-
ability of the 4DGS asset, watermarked renders should be vi-
sually close to the original renders. We measure fidelity by
combining a pixel-wise term with perceptual similarity:

Legb = (1= Assim) [T=T|[1 + Assim (1 — SSIM(L, T)), (12)

where SSIM(-, -) is the differentiable structural similarity in-
dex. We further incorporate a learned perceptual metric:

Lrecon = Lrgh + Aipips LPIPS(L, 1), (13)

where LPIPS(:, -) is computed by a frozen network [Zhang
et al., 2018]. This term discourages visually noticeable arti-
facts and encourages the watermark signal to distribute in a
perceptually less salient manner.
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D-NeRF (Synthetic)

HyperNeRF (Real-world)

Message Length

Bit Acct PSNR1 SSIM{T LPIPS| BitAcct PSNR{ SSIM{1 LPIPS|
16 bits 99.81 49.87 0.9992  0.0002 96.83 54.19 0.9995  0.0003
32 bits 94.26 48.28 0.9987  0.0004 86.17 50.49 0.9989  0.0008
48 bits 89.95 46.98 0.9988  0.0005 86.77 50.72 0.9991  0.0008

Table 2: Ablation study on watermark message length on the D-NeRF and HyperNeRF datasets.

Offset regularization. Even with reconstruction losses, un-
constrained watermark offsets may accumulate and degrade
fidelity. We therefore penalize the magnitude of the offsets
with an {5 regularizer:

Log = ||AHY||3 + || AH™"||3. (14)

This term prevents excessive modifications of spherical har-
monic coefficients and improves both invisibility and stabil-

1ty.
Opverall objective. Combining the above terms, we opti-
mize the following objective:

L= )\recon Lrecon + )\msg (‘Cmsg + Ectrl) + Aoff ‘COH' (]5)

4 Experiments
4.1 Dataset

We evaluate the performance of our proposed Guard4D
framework on both synthetic and real-world dynamic scene
datasets, following standard evaluation protocols used in dy-
namic radiance field research. Specifically, we adopt the D-
NeRF [Pumarola et al., 2021] and HyperNeRF [Park er al.,
2021] datasets for quantitative and qualitative analysis. The
D-NeRF dataset contains eight synthetic dynamic scenes with
complex non-rigid motions and randomly generated camera
trajectories, serving as a controlled benchmark for assessing
temporal consistency and rendering fidelity under known ge-
ometry and motion. In contrast, the HyperNeRF dataset con-
sists of four real captured dynamic scenes that exhibit topo-
logical and motion variations under unconstrained illumina-
tion and camera settings, providing a challenging evaluation
of robustness in real-world conditions. For each scene from
both datasets, we render an 8-frame video sequence with 100
camera viewpoints per frame to comprehensively evaluate vi-
sual quality and watermark bit accuracy. We report the aver-
aged results over all testing views of each scene in our exper-
iments.

4.2 Evaluation Metrics

We assess the performance of Guard4D from both water-
marking and rendering perspectives using four quantitative
metrics, following standard evaluation protocols in digital
watermarking and neural radiance field rendering. Specifi-
cally, we evaluate the Bit Accuracy (Bit Acc), which mea-
sures the proportion of correctly extracted watermark bits rel-
ative to the embedded message and reflects the robustness
and reliability of watermark recovery under different tempo-
ral frames and camera viewpoints. For rendering quality, we

employ the Peak Signal-to-Noise Ratio (PSNR), the Struc-
tural Similarity Index (SSIM) [Wang et al., 2004], and the
Learned Perceptual Image Patch Similarity (LPIPS) [Zhang
et al., 2018] to evaluate the visual similarity between rendered
video frames from the watermarked and original 4D Gaus-
sian Splatting models. PSNR quantifies pixel-wise recon-
struction fidelity, SSIM measures the structural consistency
of luminance and contrast, and LPIPS provides a perceptual
assessment of visual quality based on deep feature similarity.
Higher PSNR and SSIM values, together with lower LPIPS
scores, indicate better visual quality and invisibility of the
embedded watermark.

4.3 Implementation Details

We train Guard4D for 100 epochs on a single NVIDIA A100
GPU with a batch size of 8. Watermark embedding is for-
mulated as an optimization over additive offsets to the spher-
ical harmonic coefficients of a fixed 4D Gaussian Splatting
model, while all other Gaussian parameters are kept frozen.
We jointly optimize the SH offsets and the TMSD module us-
ing the Adam optimizer, with a learning rate of 5 x 1073 for
the DC SH components and a 20x smaller learning rate for
the higher-order SH coefficients. The optimization objective
consists of a reconstruction loss, a message extraction loss, a
control loss for semantic decoupling, and an offset regulariza-
tion term. The message and control losses share the weight
Amsg = 0.03, with Arecon = 1 and Aoz = 10.

4.4 Comparison with Other Methods

Table 1 presents a quantitative comparison under a fixed 16-
bit watermark message length on both the D-NeRF and Hy-
perNeRF datasets. The results reveal a clear performance
evolution from single-frame GuardSplat to the multi-frame
training baseline, and finally to our full Guard4D frame-
work with semantic decoupling. On the synthetic D-NeRF
dataset, extending the training from single-frame inputs to
multi-frame video clips improves rendering fidelity, increas-
ing PSNR from 41.17 dB to 42.75 dB and reducing LPIPS
from 0.0036 to 0.0011. However, the gain in watermark ro-
bustness remains limited, with bit accuracy improving by less
than one percentage point. By introducing semantic decou-
pling, Guard4D boosts bit accuracy from 89.38% to 99.81%,
while further increasing PSNR to 49.87 dB and reducing
LPIPS to 0.0002. On the real-world HyperNeRF dataset, the
multi-frame training baseline improves rendering quality but
suffers a severe degradation in watermark extraction accu-
racy, with bit accuracy dropping from 97.75% to 76.55%.
This result suggests that temporal aggregation alone may
amplify spatiotemporal scene semantics rather than water-
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Luse  Lrecon Lojf Lewl BitAcct PSNRT SSIM?T LPIPS |
52.52 inf  1.0000  0.0000
v v v 99.92 3996 09950  0.0098
v v v 99.97 4167 09365  0.0056
v v v 10000 7615 09999  0.0000
v v v v 99.81 49.87 09992  0.0002

Table 3: Ablation on loss function components on D-NeRF under a
fixed 16-bit watermark message.

Lmsg  Letrl, Letr, WMyvideos T Orig. videos | Noisy videos |
v 100.00 96.45 97.86
v v 99.97 52.34 51.34
v v 99.89 49.26 49.67
v v v 99.81 47.39 46.36

Table 4: Ablation on control loss components on D-NeRF under
a fixed 16-bit watermark message. WM, Orig., and Noisy denote
watermarked, original, and noise-perturbed videos, respectively.

mark evidence in complex real captured scenes. In contrast,
Guard4D restores robust watermark extraction, improving bit
accuracy by more than 20 percentage points over the multi-
frame training baseline, while increasing PSNR from 46.37
dB to 54.19 dB and reducing LPIPS from 0.0013 to 0.0003.
Overall, these results demonstrate that simply increasing tem-
poral context is insufficient for robust watermarking in dy-
namic scenes. Semantic decoupling plays a critical role in
stabilizing message extraction while preserving high visual
fidelity. Guard4D achieves a better trade-off between water-
mark robustness and rendering quality, making it well suited
for protecting dynamic 4D Gaussian Splatting assets.

4.5 Ablation Study

Ablation on Watermark Message Length. Table 2 eval-
uates the effect of watermark message length by varying the
payload from 16 to 48 bits. As the message length increases,
watermark extraction accuracy decreases gradually on both
datasets, dropping from 99.81% to 89.95% on D-NeRF and
from 96.83% to 86.77% on HyperNeRF, reflecting the ex-
pected trade-off between watermark capacity and robustness.
Despite the increased payload, Guard4D consistently main-
tains high rendering quality across all settings, with PSNR
remaining above 46 dB on D-NeRF and 50 dB on HyperN-
eRF, SSIM consistently above 0.998, and LPIPS staying at
very low levels. These results indicate that Guard4D sup-
ports flexible watermark capacity with controlled degradation
in robustness and negligible impact on visual fidelity.

Ablation on Loss Function Components. We analyze the
effect of different loss terms in our training objective in Ta-
ble 3. The results show that no single loss term alone is suf-
ficient to achieve both high watermark robustness and good
visual fidelity. Without the message loss, the model preserves
the original rendering but fails to embed a recoverable water-
mark, yielding near-random bit accuracy.

Introducing the reconstruction 1oss Lyecon and the offset
regularization L,y significantly improves visual quality, as
reflected by increased PSNR and reduced LPIPS. However,
without the control loss L1, the decoder can trivially re-

cover the message by exploiting scene-dependent cues, lead-
ing to unrealistically high bit accuracy accompanied by over-
fitting and unstable generalization. By incorporating L1,
the model achieves a balanced solution with consistently high
watermark extraction accuracy while maintaining strong ren-
dering fidelity. The full loss combination yields the best over-
all trade-off, confirming that L., is essential for preventing
spurious message recovery and enforcing that the decoded
message originates from the embedded watermark rather than
scene semantics.

Ablation on Control Loss Components. We further iso-
late the role of L. by ablating its internal components
while keeping all other loss terms enabled, as shown in Ta-
ble 4. Without any control term, the decoder exhibits se-
vere semantic leakage, achieving high apparent accuracy not
only on watermarked videos but also on original and noisy
videos. Adding either the clean-video control term Lty
or the noisy-video control term L, alone partially sup-
presses false-positive predictions, but significant message re-
covery still occurs on non-watermarked inputs. Only when
both L.y, and L.y, are jointly applied does the decoder
achieve robust extraction on watermarked videos while effec-
tively suppressing message recovery from original and noisy
videos. This result confirms that the two control branches are
complementary: L.;.;, discourages reliance on static scene
semantics, while L., prevents the model from exploiting
fragile, noise-sensitive cues. Together, they enforce effective
semantic decoupling, making L., a critical component of
the Guard4D framework.

We also evaluate robustness to common post-processing
perturbations on rendered clips, including noise, rotation,
scaling, blur, cropping, brightness adjustment, and JPEG
compression. Guard4D shows only limited degradation in de-
coding performance under these perturbations, demonstrating
robustness consistent with that of the GuardSplat [Chen et al.,
2025] baseline under image-level distortions.

5 Conclusion

We presented Guard4D, the first watermarking frame-
work tailored to 4D Gaussian Splatting assets. Different
from prior 3DGS watermarking methods that assume static
scenes, Guard4D targets spatiotemporally deformable Gaus-
sian fields and enables practical ownership verification from
short rendered multi-view clips. Our method keeps the recon-
structed 4DGS geometry fixed and embeds a binary message
by optimizing compact residual offsets on SH appearance fea-
tures, preserving rendering fidelity while enabling consistent
watermark recovery across dynamic views. We further im-
prove clip-level stability by using a lightweight TMSD to en-
hance watermark features and suppress semantic interference
through paired clean and noisy control renderings. Experi-
ments on synthetic and real-world dynamic scenes demon-
strate that Guard4D effectively suppresses semantic interfer-
ence, leading to accurate watermark recovery. Future work
will explore extending Guard4D to broader dynamic repre-
sentations and stronger security guarantees against adaptive
removal and model editing for practical protection of dy-
namic neural assets.
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