Where, What, Why: Toward Explainable 3D-GS Watermarking

Supplementary Material

A. Overview

In this supplementary material, we provide further discus-

sions, implementation details, and results as follows:

* Section B details the implementation of the watermark
decoder and provides a brief comparison with alternative
decoders.

* Section C validates the effectiveness of the Trio-Experts
module through ablation studies.

* Section D presents Trio-free Oracle Hit@K Evaluation.
* Section E shows the performance of our decoupled fine-
tuning under different settings of the two loss weights.

* Section F provides additional qualitative results on LLFF
[7], Blender [8], and Mip-NeRF 360 [9].

B. Decoder Details

In 2D digital watermarking [1, 6, 10, 11], the primary goal is
to ensure that the hidden message can be decoded only from
images in which it was embedded. In 3D digital watermark-
ing, by contrast, the goal is to ensure that watermarked ren-
derings remain decodable from as many random viewpoints
as possible. This imposes a dual challenge: it stresses both
the 3D watermarking model and the 2D decoder used for
extraction.

We adopt as our baseline the pretrained HiDDeN [11]
decoder released with 3D-GSW [2], trained on {32, 48,
64}-bit payloads using the MS-COCO dataset [5]. In test-
ing, we observe strong performance on the complex Mip-
NeRF 360 dataset [9], but degradation on background-free
Blender [8] scenes and sparsely captured LLFF [7] scenes.
To address this, we fine-tune the baseline decoder on 20%
of Arb-Objaverse [4]. For a fair comparison and to mitigate
overfitting, we evaluate on LLFF and Blender, testing both
watermarked and non-watermarked 3D-GS [3] models. Re-
sults are reported in Table 1.

Method ‘ Bit AcctT (w/M) Bit Accl (w/o M)
Pretrained Decoder 95.24 52.08
Finetuned Decoder 97.85 50.11

Table 1. Comparison between the pretrained HiDDeN decoder
and our fine-tuned decoder on Blender and LLFF. We report
bit accuracy on watermarked data (32-bit payload) and on non-
watermarked data.

For a more objective evaluation of our decoder, we ad-
ditionally test CIN decoder [6] on Mip-NeRF 360, LLFF,
and Blender with a 32-bit payload. For fairness, we allow
part of the decoder parameters to be jointly trained during
watermark embedding. Results are shown in Table. 2.

Method | PSNRT SSIMt LPIPS| Bit Acct

Ours + CIN 3356 0.975  0.049 94.46
Ours + HiDDeN | 3598 0982  0.041 98.37

Table 2. Comparison of our framework combined with CIN and
HiDDeN. Experiments use a 32-bit payload on Blender, LLFF, and
Mip-NeRF 360.

The experimental results show that fine-tuning the HiD-
DeN decoder is well-justified: it improves both rendering
quality and bit accuracy, while also enhancing robustness
on sparsely captured and background-free datasets.

C. Ablation Study on Trio-Experts

To validate the effectiveness of our Trio-Experts prior
(R1, Ro, R3), we conduct a hit-rate analysis against three
objective ground-truth attributes: High-Frequency (HF),
which measures whether a Gaussian lies in FFT-identified
high-frequency regions; Safe Modifiability (SAFE), which
assesses whether it can be safely updated based on render-
ing contribution (gradient < 8 x 10~%); and Multi-View
Visibility (V), which represents its visibility ratio across
training views. For each top-K % subset ranked by the Trio
score (a weighted combination of R;, Rs, and R3), we
measure the alignment rate between selected Gaussians and
these ground-truth attributes. We further evaluate a one-shot
corrected variant that incorporates immediate priors (HF,
LC, MV) into the Trio score. As shown in Fig. 1, Trio-
based selection achieves 60-92% average hit rates, demon-
strating that the priors effectively capture scene-aware ge-
ometric stability, appearance sensitivity, and spatial redun-
dancy.

Original Trio Priors (R1, R2, R3) One-Shot Corrected Prior:
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Figure 1. Ablation study on Trio-Experts Score. Top-K Gaus-
sians selected by R1, R2, and R3 are compared with ground-truth
Gaussians in high-frequency regions, safely modifiable areas, and
multi-view visible regions to validate the reliability of the Trio-
Experts Score.
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Figure 2. Ablation on loss weights. Evaluated on Mip-NeRF 360, LLFF, and Blender with a 32-bit payload. Red curves denote watermark-

side weights (ASlean \eot Alow ). plye curves denote visual-side weights (Arec, Alpips; Ahighy

D. Trio-free Oracle Hit@K Evaluation E. Ablation Study on Loss Weights

Although the decoupled finetuning framework is designed
to mitigate the training conflict between rendering quality
and watermark accuracy, the watermark and visual losses
are only weakly coupled through low-frequency constraints.
As a result, the optimizer lacks a unified descent direction
and cannot expose cross-step gradient conflicts between the
two updates. Therefore, selecting appropriate loss weights
is crucial for our task. We evaluate this on Mip-NeRF 360,
LLFF, and Blender with a 32-bit payload, using three ran-
dom seeds; the results are shown in Fig. 2.

The results not only validate the experimental setup re-
ported in the main paper (loss weights Arec = 1.0, Ajpips =
0.2, \high — (.3, \clean — 9.0 \eot — (.6, and AoV =
0.4), but also demonstrate that, under appropriately tuned
weights, the decoupled framework can jointly optimize ren-
dering quality and bit accuracy while effectively avoiding

Table 3. Oracle carrier Hit@K. Evaluated on 5 Mip-NeRF 360 mode collapse.

scenes X 3 seeds with a 32-bit payload (mean =+ std). .. L.
F. Additional Qualitative Results

To verify whether our Trio-based carrier selection aligns
with an oracle derived from measured watermarking effects,
we conduct a Trio-free Oracle Hit@K evaluation. Specif-
ically, we build a pseudo ground-truth carrier set C* by
probing each Gaussian’s impact and ranking candidates by
1 ABA and | APSNR, while retaining only those sat-
isfying BA > 0.95 and PSNR > 32. We then report
Hit@K = |C N C*|/K over 5 Mip-NeRF 360 scenes x 3
random seeds with a 32-bit payload. As shown in Tab. 3,
the full model achieves the highest Hit@K, substantially
outperforming single-cue variants and the ablation without
uncertainty U, indicating that the Trio evidence with uncer-
tainty attenuation more reliably identifies effective and safe
watermark carriers.

None Geo-only App-only Red-only W/O U Full
Hit@K 1 0.09 0.64 0.73 0.56 0.68  0.87

In this section, we provide additional 32-bit watermarking
results from Mip-NeRF 360, LLFF, and Blender that are not
shown in the main paper.
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(a) Rendering quality on Mip-NeRF 360 (32-bit payload). Rendered outputs and difference maps (magnified x8).

Bit-Acc: 93.86 PSNR: 36.40 Bit-Acc: 93.86 PSNR: 35.75 Bit-Acc: 93.86 PSNR: 37.33 Bit-Acc: 93.86 PSNR: 34.84

=

”"
(o'
N 5 /w

=

7

Bit-Acc: 90.67 PSNR: 38.12 Bit-Acc: 100.0 PSNR: 37.60 Bit-Acc: 92.18 PSNR: 36.23 Bit-Acc: 90.08 PSNR: 35.58
(b) Rendering quality on Blender (32-bit payload). Rendered outputs and difference maps (magnified x8).
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(c) Rendering quality on LLFF (32-bit payload). Rendered outputs and difference maps (magnified x8).

Figure 3. Additional qualitative results (32-bit payload). (a) Mip-NeRF 360, (b) Blender, (c) LLFF. Difference maps are magnified x 8.
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