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Mark4D: Temporally-Consistent Watermarking for 4D Gaussian Splatting

Supplementary Material

We provide supplementary materials to support the main001
manuscript. Specifically, we include: 1) detailed method002
descriptions, including the X-CLIP tokenization process003
and the distortion module; 2) implementation details and004
hyperparameter settings of our training pipeline and base-005
line settings; 3) extended experimental results such as full006
quantitative results for each scene of the datasets, ablations007
of our method, complexity analyses, and sensitivity stud-008
ies; 4) additional qualitative visualizations which were not009
included in the main manuscript due to the page limit.010
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A. Method Details012

A.1. X-CLIP Tokenization013

Algorithm 1 provides an overview of the X-CLIP [13] tok-014
enization process.015

In our implementation, we employ the ViT-B-32 X-CLIP016
model, which inherits the Byte-Pair Encoding (BPE) tok-017
enizer in CLIP [15]. This tokenizer defines a fixed vocab-018
ulary of 49,408 token IDs (0 to 49,407), where token ID019
0 is treated as the padding token, and the two highest IDs,020
49406 and 49407, are reserved to indicate sequence bound-021
aries wstart and wend, respectively. All remaining IDs (1 to022
49405) represent standard subword units and constitute the023
token space used for mapping individual watermark bits.024

To convert an L-bit watermark message into a text token025
sequence, we construct a deterministic bit-to-token map-026
ping table Φ(mi, i), where Φ(0, i) and Φ(1, i) denote two027
distinct token IDs assigned to the i-th bit position. At ini-028
tialization, for each i ∈ {1, . . . , L}, we randomly sam-029

Algorithm 1 X-CLIP Tokenization
Require: Binary message M = {mi}Li=1, mi ∈ {0, 1}; vocab size
|V |; max token length Wmax; start token wstart; end token wend.

# Step 1: Initialize bit-to-token mapping Φ
Random sample 2L distinct token IDs {ω1, . . . , ω2L} from [1, |V |−2]
initialize Φ
for i = 1 to L do

Φ(0, i)← ω2i−1

Φ(1, i)← ω2i

end for
# Step 2: Construct token sequence
W ← [ ]
append wstart to W
for i = 1 to L do

wi ← Φ(mi, i)
append wi to W

end for
append wend to W
# Step 3: Zero-padding
if |W | < Wmax then

append zeros until |W | = Wmax

end if
return W

ple two different token IDs from the valid token range (1- 030
49405), and we fix this mapping for the entire training and 031
evaluation process. To satisfy the fixed input length Wmax 032
required by the X-CLIP text encoder, we append padding 033
tokens (ID = 0) after wend. These padding positions are 034
masked out by the encoder’s attention mask, to ensure that 035
they do not participate in the self-attention computation. 036

A.2. Distortion Module 037

The differentiable distortion module A is used in the train- 038
ing stage of the watermark offsets in Eq. (6) of the main pa- 039
per, where it comprises a set of frame-level and video-level 040
perturbations designed to simulate realistic degradations: 041
• Frame-level: Gaussian noise (σ=0.1), rotation (random 042

rotation of the frames within a range [−π/6,+π/6]), 043
scaling (random scaling of the frames within a range 044
of ratio [0.75, 1.25]), Gaussian blur (Gaussian kernel of 045
size= 3 with σ = 0.1), cropping (40%), brightness jitter- 046
ing (random within a range of ratio [0.5, 1.5]), and JPEG 047
compression (50% quality). 048

• Video-level: H.264 compression (CRF = 30) and random 049
frame swaps, where 25% of frames in each video clip are 050
randomly exchanged. 051

Note that some of the distortion operations such as JPEG, 052
H.264, and random frame swaps are not differentiable. 053
Therefore, we follow prior works [5, 20, 21] and adopt a 054
straight-through estimator (STE), where the backward pass 055
uses ÎSt

+stopgrad(A(ÎSt
)− ÎSt

) in place of A(ÎSt
). This 056

allows the approximated gradients from the loss to reach the 057
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watermark offset parameters εi(t) and δi(t).058
After training, we evaluate the watermarked model by059

applying the original non-differentiable distortions, to as-060
sess its robustness against realistic degradation.061

B. Implementation Details062

All models, including ours and the baseline methods, were063
implemented on top of the official 4DGS framework [19].064
For each scene in the DyNeRF and D-NeRF datasets, we065
train a separate 4DGS model (the canonical 3D Gaussians066
and the deformation MLP) for 14,000 and 20,000 itera-067
tions, respectively, following the hyperparameter settings068
of the original implementation. During the watermark em-069
bedding stage, a grid search was conducted over the fol-070
lowing common hyperparameter ranges: learning rates for071
εi(t) in {1.6e−5, 1.6e−4, 1.6e−3, 1.6e−2}, learning rates072
for δi(t) in {1.0e−5, 1.0e−4, 1.0e−3, 1.0e−2}, and λrecon in073
{0, 0.5, 1, 1.5, 2.0}.074

Our Settings. In our X-CLIP guided decoder, the mes-075
sage decoder DM is implemented as a lightweight MLP076
designed to operate directly on the video–text latent embed-077
dings produced by X-CLIP. Since these embeddings are al-078
ready highly structured and discriminative, we found that a079
compact architecture is sufficient and provides more stable080
optimization than deeper alternatives. Specifically, DM is081
implemented as a 3-layer MLP. The input is first processed082
by a fully connected (FC) layer with 512 hidden units fol-083
lowed by a GELU [7] activation. The resulting represen-084
tation is then passed through an FC layer with 256 hidden085
units and another GELU activation. Finally, an FC layer086
with a Sigmoid activation maps the representation into an087
L-dimensional predicted message logits.088

For training the decoder, we randomly generate 5,000 bi-089
nary messages and split them into an 80:20 train–test ratio.090
This ensures that DM is sufficiently exposed to diverse bit091
patterns during training and generalizes reliably to unseen092
messages. The decoder is optimized using the Adam opti-093
mizer with a learning rate of 1e−3, which we found to pro-094
vide stable convergence and consistent message accuracy.095

During the watermark embedding stage, a grid search096
was conducted over the following hyperparameter ranges:097
K in {1, 2, 3, 4, 5}, λmin in {0.1, 0.3, 0.5, 0.7, 0.9}, λmax in098
{0.6, 0.8, 1.0, 1.2, 1.4}, and λalign in {0, 0.5, 1.0, 1.5, 2.0}.099

Baseline-specific Settings. For fair comparisons, all 2D-100
decoder baselines [5, 12, 18, 22, 23] use decoders that we101
tuned within a reasonable range of their respective hyper-102
parameters, to obtain the most reliable message recovery.103
Then, the frame-level and video-level baselines in the main104
paper are constructed by fine-tuning the 4DGS model with105
our trained 2D image or video decoders. While fine-tuning106
the 4DGS model, the message loss Lmsg and reconstruction107
loss Lrecon are computed per rendered frame for frame-level108
baselines, and per video clip of T = 8 consecutive frames109

for video-level baselines. These losses directly supervise 110
the optimization of the offset parameters εi(t) and δi(t) in 111
Eq. (6). For 3DGS watermarking strategies [1, 8, 9], We use 112
each method’s original decoder, tuned in a similar way to 113
ensure stable watermark recovery, and apply their strategy- 114
specific losses with hyperparameters adjusted within a rea- 115
sonable range when fine-tuning the strategy-dependent sub- 116
set of Gaussian parameters in the 4DGS model. 117

• CIN [12]: Since the original paper reports results only 118
for 30-bit and 64-bit message lengths, we retrained the 119
decoder for 50 epochs on MS-COCO [11] dataset, with 120
the same architecture for 32-bit and 48-bit messages to 121
align with our evaluation settings. We tuned the water- 122
marked image reconstruction loss weight hyperparame- 123
ter λWIm ∈ {0.1, 0.5, 1}, message loss weight λRWm ∈ 124
{0.001, 0.01, 0.1}, and λRIm ∈ {0, 1}. 125

• HiDDeN [23]: We pre-trained the HiDDeN decoder 126
using MS-COCO [11] dataset for 300 epochs. We 127
tuned the image reconstruction loss weight hyperparam- 128
eter λI ∈ {0.1, 0.5, 1} and message loss weight λM ∈ 129
{0.1, 0.5, 1}. Following [4] and [9], PCA whitening is 130
applied to the linear layer of the decoder to remove the 131
bias of the message prediction. 132

• StegaStamp [18]: Since the original paper reports re- 133
sults only for a 100-bit message length, we retrained 134
the decoder for 140,000 steps using ImageNet-1K [17] 135
dataset, with the same architecture for 32, 48, and 136
64-bit messages to align with our evaluation settings. 137
We tuned the watermarked image residual loss weight 138
λR ∈ {0.1, 0.5, 1, 1.5, 2}, LPIPS perceptual image loss 139
weight λP ∈ {1, 1.5, 2}, critic adversarial loss weight 140
λC ∈ {0.1, 0.5, 1}, and message loss weight λM ∈ 141
{0.5, 1, 1.5}. 142

• SSL [6]: Because the decoding rule of SSL is determin- 143
istic, we apply it during 4DGS fine-tuning without pre- 144
training any additional decoder. We tuned the multi-bit 145
message loss weight λw ∈ {1 × 104, 3 × 104, 5 × 104}, 146
contrastive loss margin µ ∈ {1, 3, 5}, and false positive 147
rate FPR ∈ {10−4, 10−5, 10−6}. 148

• RivaGAN [22]: Since the official implementation of the 149
RivaGAN decoder has the maximum capacity of 32 bits, 150
we pre-train the decoder for 300 epochs using the Holly- 151
wood2 [14] dataset, with the same architecture for only 152
32-bit message. We tuned the decoded data loss weights 153
λd, λa ∈ {0.1, 0.5, 1.0} and GAN-related loss weights 154
λc, λr, λw ∈ {0.01, 0.05, 0.1}. 155

• VideoSeal [5]: Following the official training protocol of 156
VideoSeal, which consists of image pre-training followed 157
by video fine-tuning, we additionally retrained message 158
decoders for 32, 48, and 64-bit messages (the original 159
paper reports only 96 and 256-bit settings), using up to 160
601 epochs under the same architecture. For the image 161
pre-training stage, we trained the decoders on the SA- 162
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Table 1. Quantitative results. Per-scene metrics of our method for each scene in the DyNeRF and D-NeRF datasets.

Dataset
32 bits 48 bits 64 bits

Video-level Frame-level PSNR SSIM LPIPS Video-level Frame-level PSNR SSIM LPIPS Video-level Frame-level PSNR SSIM LPIPSBit Acc(%) Bit Acc(%) Bit Acc(%) Bit Acc(%) Bit Acc(%) Bit Acc(%)

DyNeRF

cook spinach 96.62 96.29 42.28 0.9956 0.0030 96.28 96.23 41.65 0.9946 0.0034 93.16 93.11 42.48 0.9960 0.0027
cut roasted beef 99.24 98.78 41.49 0.9946 0.0029 97.69 97.58 42.32 0.9956 0.0025 94.34 94.18 42.15 0.9961 0.0033
coffee martini 97.21 96.24 41.66 0.9952 0.0032 96.34 96.24 40.60 0.9954 0.0029 94.55 94.10 40.06 0.9944 0.0031
flame salmon 97.21 97.13 40.85 0.9945 0.0026 96.90 96.44 40.30 0.9945 0.0030 95.41 95.25 40.24 0.9941 0.0029
flame steak 97.13 96.78 42.77 0.9959 0.0022 96.45 95.85 42.60 0.9955 0.0027 93.67 93.31 41.08 0.9960 0.0028
sear steak 96.54 96.02 43.05 0.9960 0.0025 95.61 95.56 42.93 0.9960 0.0026 94.55 93.78 41.83 0.9956 0.0036

D-NeRF

bouncing balls 96.88 96.88 43.03 0.9987 0.0006 91.67 90.54 40.12 0.9975 0.0020 90.40 90.78 44.65 0.9989 0.0008
hellwarrior 97.32 97.31 46.87 0.9982 0.0007 94.35 94.33 42.93 0.9957 0.0019 93.60 93.25 42.48 0.9950 0.0012
hook 98.55 98.44 42.37 0.9972 0.0012 94.35 94.33 40.94 0.9961 0.0017 92.19 92.44 41.40 0.9954 0.0016
jumpingjacks 94.20 93.63 41.87 0.9965 0.0009 89.51 88.41 41.44 0.9967 0.0008 89.29 89.25 40.19 0.9957 0.0011
lego 97.32 95.56 40.23 0.9928 0.0019 93.45 92.96 41.79 0.9940 0.0017 91.96 93.41 42.39 0.9967 0.0011
mutant 96.88 95.31 39.34 0.9949 0.0018 96.65 96.88 42.43 0.9953 0.0020 93.75 92.75 36.71 0.9908 0.0035
standup 95.09 94.38 40.08 0.9950 0.0014 93.75 92.79 36.71 0.9908 0.0035 92.41 93.31 39.90 0.9931 0.0014
trex 97.32 96.00 46.71 0.9988 0.0005 97.32 96.21 43.61 0.9983 0.0010 89.29 89.00 42.22 0.9978 0.0012

1B dataset [10], and for the subsequent video fine-tuning163
stage, we fine-tuned them on the SA-V dataset [16].164
Across both stages, we tuned the watermark extraction165
loss weight λw ∈ {0.5, 1.0, 2.0}, the image loss weight166
λi ∈ {0.25, 0.5, 1.0}, and the quality discriminator loss167
weight λdisc ∈ {0.05, 0.1, 0.15}.168

• GaussianMarker [8]: We tuned the uncertainty thresh-169
old factor f ∈ {0.002, 0.13, 0.24, 1.0, 3.7}, 2D message170
loss weight λmsg ∈ {0.1, 0.5, 1}, and 2D rendered image171
reconstruction loss weight λrec ∈ {0.1, 0.5, 1}, 3D mes-172
sage loss weight λ′

msg ∈ {0.1, 0.5, 1}, and 3D adversarial173
loss weight λadv ∈ {0.1, 0.5, 1}.174

• GuardSplat [1]: For the CLIP-guided decoder, we175
trained the decoder for 100 epochs, with the same archi-176
tecture and hyperparameters as the official implementa-177
tion. For the 4DGS model fine-tuning, we tuned the mes-178
sage loss weight λmsg ∈ {0.1, 0.5, 1}, image reconstruc-179
tion loss weight λrecon ∈ {0.1, 0.5, 1}, and SH coeffi-180
cients offset regularization loss weight λoff ∈ {1, 5, 10}.181

• 3D-GSW [9]: For the 2D image decoder, we used the182
pre-trained HiDDeN decoder shared in their official im-183
plementation. For the 4DGS model fine-tuning, we tuned184
the message loss weight λm ∈ {0.1, 0.5, 1}, image resid-185
ual loss weight λrec ∈ {0.1, 0.5, 1}, image percep-186
tual loss weight λlpips ∈ {0.2, 0.6, 1}, wavelet-subband187
loss weight λw ∈ {0, 0.3, 0.7, 1}, pruning threshold ∈188
{10−9, 10−8, 10−7}, patch size |P | ∈ {4, 8, 16}, patch189
selection ratio K ∈ {0.01, 0.03, 0.05}, and mask gradi-190
ent manipulation strength β ∈ {2, 4, 6}.191

C. Additional Experimental Results192

C.1. Full Quantitative Results for Each Dataset193

To complement the averaged metrics in Tab. 5 of the main194
paper, we provide the full per-scene results of our method195
for both DyNeRF and D-NeRF scenes in Tab. 1. Across ev-196
ery scene and setting, the method consistently delivers high197
bit accuracy and strong visual fidelity, demonstrating its ro-198
bustness under diverse motions and appearance variations.199

C.2. Ablation Study on Offset Parameter Choices 200

In Section 4.1 of the main paper, we defined the water- 201
marked 4D Gaussian representation by introducing learn- 202
able time-varying offsets only on the Gaussian positions 203
xi(t) and SH coefficients hi(t), while keeping the opacity 204
αi(t) and covariance Σi(t) unchanged. To more thoroughly 205
examine this design choice, we consider an extended setting 206
in which offsets may also be applied to αi(t) and Σi(t). For 207
this extended formulation, we denote the learnable opacity 208
offset by γi(t) and the covariance offset by Λi(t), allow- 209
ing us to analyze how perturbing these additional parame- 210
ters influences the behavior and stability of the resulting 4D 211
representation. 212

Across the different offset configurations presented in 213
Tab. 2, the setting that enables only the positional and SH 214
offsets εi(t) and δi(t) yields the best overall performance 215
in both bit accuracy and PSNR. Introducing opacity offsets 216
γi(t) noticeably reduces stability and degrades reconstruc- 217
tion quality, while activating covariance offsets Λi(t) leads 218
to even more pronounced degradation due to their strong in- 219
fluence on Gaussian shape and scale. The full extended con- 220
figuration, in which all offsets are enabled simultaneously, 221
exhibits the largest drop in fidelity, confirming that pertur- 222
bations to αi(t) and Σi(t) are unsuitable for reliable water- 223
mark embedding. These results validate our design choice 224
in the main paper, where offsets are restricted to xi(t) and 225
hi(t) to avoid geometry distortion and ensure imperceptible 226
watermark embedding. 227

Table 2. Ablation on different offset types in the extended for-
mulation at L = 48 bits. Results are averaged over D-NeRF and
DyNeRF datasets.

Offset Types Bit Acc (%) ↑ PSNR ↑
εi(t) δi(t) γi(t) Λi(t)

✓ ✓ × × 95.02 41.45
✓ ✓ ✓ × 94.90 36.88
✓ ✓ × ✓ 94.00 26.04
✓ ✓ ✓ ✓ 94.83 24.99
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C.3. Ablation Study on Temporal Offset Parame-228
terization Strategy229

To assess how different temporal formulations of the εi(t)230
influence the resulting watermarking performance, we com-231
pare three parameterization strategies, including the Fourier232
series based representation introduced in Eq. (15) in the233
main paper. As baselines, we first consider a non-234
parameterized variant, where the offset at each timestamp is235
learned independently. We additionally evaluate a polyno-236
mial parameterization that enforces smooth variation over237
time by expressing the offset as a low-order function of t,238

εi(t) =

K−1∑
k=0

pi,kt
k, (1)239

where pi,k ∈ R3 is learnable coefficient of a polynomial.240
For a fair comparison with the Fourier series parameteriza-241
tion in Eq. (15), which uses six learnable coefficient vectors242
in total, we set K = 6 for this polynomial variant.243

As shown in Tab. 3, the Fourier series parameterization244
achieves the strongest overall performance, outperforming245
both the polynomial and non-parameterized settings in bit246
accuracy and visual fidelity. This reflects that Fourier se-247
ries parameterization can effectively represent the water-248
mark offsets needed to follow the Gaussians’ more complex249
motion trajectories using only a small number of frequency250
components, while preserving smooth temporal behavior.251

Table 3. Ablation on different temporal offset parameterization
strategies at L = 48 bits. Results are averaged over D-NeRF and
DyNeRF datasets.

Parameterization Type Bit Acc (%) ↑ PSNR ↑

None 92.79 37.05
Polynomial 94.44 40.20
Fourier 95.02 41.45

C.4. Ablation Study on Motion-Adaptive Loss252
Weighting Strategy253

To investigate alternative ways of assigning adaptive mes-254
sage loss weights across temporal windows, we compare255
it against several alternative strategies that assign different256
supervision strengths to each temporal window St. As a257
naive baseline, we first consider uniform weighting, where258
a constant weight λmax is applied across all timestamps. We259
then evaluate a threshold-based strategy that assigns either260
the lower or upper bound of the weighting range depending261
on whether the normalized motion magnitude βSt

exceeds262
a predefined threshold,263

λth
St

=

{
λmax, βSt

> 0.5,

λmin, otherwise.
264

Finally, we include an exponential motion weighting 265
scheme that generalizes our formulation by raising the mo- 266
tion magnitude to an exponent n ∈ R+, 267

λ
(n)
St

=
(
1− β n

St

)
λmin + β n

St
λmax, 268

which allows the supervision to scale nonlinearly with re- 269
spect to the motion intensity. 270

The results for all loss weighting strategies specified 271
above are provided in Tab. 4. Overall, linear motion- 272
adaptive weighting yields the best trade-off between water- 273
mark recoverability and visual fidelity. 274

Table 4. Ablation on different motion-adaptive loss weighting
strategies at L = 48 bits. Results are averaged over D-NeRF and
DyNeRF datasets.

Strategy Bit Acc (%) ↑ PSNR ↑

Uniform 92.94 39.88
Thresholding 93.47 40.15
Exponential (n = 0.5) 94.63 40.13
Exponential (n = 2) 94.35 40.81
Ours 95.02 41.45

C.5. Discussion on Model Complexity 275

To compare the computational cost of our method and 276
the baselines, Tab. 5 reports the overall training time and 277
storage memory for baselines and our method on the 278
flame salmon scene in the DyNeRF dataset with a 64-bit 279
message, as this scene contains the largest number of Gaus- 280
sians and thus represents the most computationally demand- 281
ing case. With the compact Fourier series offset parameter- 282
ization, we achieve competitive trained model storage com- 283
pared to the base pretrained 4DGS model. Also, we have 284
competitive training time compared to GuardSplat, which 285
has the fastest training time among frame-level baselines 286
processing one frame at a single iteration. 287

Table 5. Comparison of total training time and storage (MB)
across methods. Values in parentheses indicate the storage dif-
ference compared to the base pretrained 4DGS model.

Model Training Time Storage (MB)

4DGS+SSL 23m 57s 543.21 (+470.62)
GuardSplat 8m 25s 96.42 (+23.83)
3D-GSW 24m 51s 68.38 (-4.21)
4DGS+VideoSeal 19m 30s 543.21 (+470.62)
Ours 12m 48s 108.34 (+35.75)

C.6. Sensitivity Analysis 288

We present the results of the sensitivity analysis with re- 289
spect to bit accuracy and PSNR across different values of 290
hyperparameters in Fig. 1. 291
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Figure 1. Hyperparameter sensitivity analysis at L = 48 bits. Plots reporting bit accuracy and PSNR as each hyperparameter is varied
across its range. Results are averaged over D-NeRF and DyNeRF datasets.

Sensitivity to the random initialization of Φ. As dis-292
cussed in Section A.1, Φ is randomly initialized once at293
the beginning. Changing this random seed does not notice-294
ably affect the performance of our method, as we use the X-295
CLIP’s well-structured and discriminative latent space pri-296
marily for efficient mapping during decoder training, rather297
than relying on any specific semantic meaning of individ-298
ual latent tokens. Therefore, randomness in the tokeniza-299
tion rule has little influence on the overall behavior of the300
decoder and the performance of our method.301

Sensitivity to the number of Fourier series bases K. We302
observe that bit accuracy and PSNR are highest when K =303
3. If K is small, the offset trajectory becomes overly simple,304
reducing the degrees of freedom available for watermark305
embedding and lowering bit accuracy, while also making it306
harder to align with complex Gaussian motion, which harms307
the visual quality. Thus, K = 3 provides a good balance308
between expressiveness and smoothness.309

Sensitivity to λmin. In this experiment, we fix λmax = 1.0310
and vary λmin. Among the tested values, λmin = 0.5 of-311
fers the best overall balance. When λmin is small, the av-312
erage watermark supervision becomes weak, reducing bit313
accuracy while increasing PSNR because the embedding314
strength is insufficient. When λmin approaches λmax, the315
adaptive weighting scheme collapses into a uniform loss316
weighting, which degrades PSNR.317

Sensitivity to λmax. Here, we fix λmin = 0.5 and vary318
λmax. The optimal balance is obtained at λmax = 1.0. If319

λmax is small, the maximum watermark supervision is in- 320
sufficient, reducing bit accuracy. If λmax is large, bit ac- 321
curacy increases but PSNR decreases due to the trade-off 322
between embedding strength and visual fidelity. 323

Sensitivity to λrecon. When λrecon = 0, PSNR drops signif- 324
icantly while bit accuracy reaches nearly 100%. As λrecon 325
increases, bit accuracy gradually decreases and PSNR im- 326
proves, which reflects the direct trade-off between recon- 327
struction fidelity and watermark embedding strength. 328

Sensitivity to λalign. We find that λalign = 1.0 yields the 329
best overall balance. Bit accuracy remains relatively stable 330
across values, but PSNR drops substantially when λalign = 331
0. This indicates that the trajectory alignment loss is crucial 332
for preserving visual fidelity. 333

D. Additional Qualitative Results 334

We provide additional qualitative results for our method on 335
the DyNeRF and D-NeRF datasets in Fig. 3 and Fig. 4. 336
We also include sequence visualizations and temporal con- 337
sistency measurements in Fig. 2 to highlight the improved 338
temporal stability of our approach. For temporal consis- 339
tency evaluation, we adopt the tLP and tOF metrics from 340
[2], where tLP captures temporal perceptual variation and 341
tOF measures differences in motion estimated from con- 342

5



CVPR
#xxxx

CVPR
#xxxx

CVPR 2026 Submission #xxxx. CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

Ground Truth 4DGS + VideoSeal3D-GSWOurs

𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕
tLP 0.0369 / tOF 0.0720 tLP 0.7528 / tOF 0.2955 tLP 5.2201 / tOF 0.2068

tLP 0.0381 / tOF 0.1770 tLP 0.6408 / tOF 0.3289 tLP 3.0621 / tOF 0.3535
Figure 2. Comparisons of temporal consistency. Visualizations of the results at 48 bits on the DyNeRF dataset (Top: flame salmon,
Bottom: flame steak) to show temporal consistency of each method. For these visualizations, we extract a vertical column of 310 pixels
from each rendered frame at test camera and concatenate these columns across 300 consecutive frames, producing a height–time image.
Also, the corresponding temporal consistency metrics (tLP, tOF) are marked under each of the visualization. Our method shows temporal
consistency with significantly fewer temporal artifacts and geometric inconsistencies than the baselines.

secutive frames. Each metric is computed as:343

tLP =
∥∥∥LP (Ît−1, Ît)− LP (It−1, It)

∥∥∥
1
,

tOF =
∥∥∥OF (Ît−1, Ît)−OF (It−1, It)

∥∥∥
1
,

(2)344

where It and Ît denote the ground-truth frame and the ren-345
dered frame from the watermarked 4DGS model, respec-346
tively, and LP and OF denote the LPIPS metric and the347
Farneback [3] optical flow estimator. As shown in the fig-348
ure, our method exhibits the strongest temporal consistency349
compared with the frame-level baseline 3D-GSW and the350
video-level baseline VideoSeal.351
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Figure 3. Additional qualitative results on DyNeRF dataset. Visualizations of rendered sequences at 48 bits on the DyNeRF dataset.
For each frame of the sequence, the image on the right shows the ground-truth residual, magnified by a factor of ×10.
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Figure 4. Additional qualitative results on D-NeRF dataset. Visualizations of rendered sequences at 48 bits on D-NeRF dataset. For
each frame of the sequence, the image on the right shows the ground-truth residual, magnified by a factor of ×10.

8



CVPR
#xxxx

CVPR
#xxxx

CVPR 2026 Submission #xxxx. CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

References352

[1] Chen, Z., Wang, G., et al.: Guardsplat: Efficient353
and robust watermarking for 3d gaussian splatting. In:354
IEEE/CVF Conference on Computer Vision and Pat-355
tern Recognition (2025) 2, 3356

[2] Chu, M., Xie, Y., et al.: Learning temporal coherence357
via self-supervision for gan-based video generation.358
ACM Transactions on Graphics (TOG) (2020) 5359
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