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This supplementary material provides additional experi-
ments to support the effectiveness and robustness of RAVEN
for invisible watermark removal. Specifically, it includes:
• Hyperparameter selection details for all baseline meth-

ods, ensuring fair and meaningful comparisons (Sec. 1).
• Quality–detectability curves demonstrating RAVEN’s fa-

vorable trade-off across the operating range (Sec. 2).
• Comprehensive quantitative results on the Diffu-

sionDB dataset [16], covering a wide range of watermark-
ing schemes and attack strategies (Sec. 3).

• Qualitative comparisons to illustrate how different re-
moval methods impact perceptual quality, structural con-
sistency, and texture preservation (Sec. 4).

• Computational efficiency analysis, highlighting
RAVEN’s advantage over strong baselines (Sec. 5).

• Defense directions outlining promising strategies for
designing more resilient watermarking schemes against
view-synthesis attacks (Sec. 6).
Overall, these supplementary results demonstrate

RAVEN’s ability to achieve strong watermark suppres-
sion while maintaining high visual fidelity and semantic
coherence, complementing the findings of the main paper.

1. Hyperparameter Selection for Baselines
For strong baselines with official implementations
(UnMarker [9] and CtrlGen+ [12]), we use author-
recommended settings optimized for the removal–quality
trade-off. For remaining baselines, we follow the stan-
dardized evaluation protocol of the WAVES benchmark [1]
and perform a coarse grid search on a held-out validation
set to select operating points that best balance watermark
suppression and perceptual quality. Specifically, we sweep

the following parameter ranges: JPEG quality ∈ [10, 90],
brightness ∈ [0.2, 1.0], contrast ∈ [0.2, 1.0], Gaussian
noise σ ∈ [0.1, 0.5], BM3D σ ∈ [0.1, 0.6], Regen diffusion
steps ∈ [20, 100], VAE quality level ∈ [1, 6], and RAVEN
camera translation magnitudes ∈ {8, 16, 24, 32, 40} pixels.
The selected operating point for each baseline corresponds
to the configuration achieving the strongest watermark
suppression without exceeding the perceptual quality
degradation of RAVEN. This protocol ensures a fair and
meaningful comparison rather than a favorable single
operating point for our method.

2. Quality–Detectability Trade-off Analysis

A fair comparison across methods with tunable param-
eters requires examining the full trade-off between wa-
termark suppression and perceptual quality, rather than a
single operating point. Here, we use TPR@1%FPR as
the detectability metric and FID as the perceptual qual-
ity metric. Fig. 1 plots the average TPR@1%FPR against
FID for verification-based watermarking methods on Diffu-
sionDB [16], obtained by sweeping each method’s primary
control parameter (e.g., noise level, compression strength,
or diffusion steps) within the standardized ranges described
in Sec. 1. RAVEN consistently achieves lower water-
mark detectability at comparable or better perceptual qual-
ity across the full sweep, demonstrating a superior trade-off
frontier rather than a favorable single operating point. No-
tably, regeneration-based methods can approach RAVEN’s
suppression levels only at the cost of significant perceptual
degradation, while UnMarker consistently incurs higher
perceptual cost at equivalent detectability levels. Similar
trends are observed for bitstream-based methods.

3. Quantitative Results on DiffusionDB

Table 1 reports watermark removal performance on the Dif-
fusionDB dataset [16], a large and diverse collection of real-
world text-to-image prompts. We evaluate RAVEN on 1,001
randomly sampled prompts using the same protocol as the
main paper, generating images at 512×512 resolution with
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Figure 1. Quality–detectability trade-off on DiffusionDB [16]. We
plot TPR@1%FPR vs. FID by sweeping each method’s primary
control parameter. Lower TPR and lower FID are both desirable.
RAVEN achieves a superior trade-off across the operating range.

Stable Diffusion v2-1, CFG scale 7.5, and 50 DDIM steps.
The evaluation spans the same 15 watermarking schemes,
including both semantic in-generation and post-hoc bit-
stream methods, and compares RAVEN against 14 baseline
attacks covering classical signal processing, regeneration-
based approaches, and advanced learned methods such as
CtrlGen+ [12] and UnMarker [9], ensuring a fair and con-
sistent comparison across all paradigms.

3.1. Key Findings
Results on DiffusionDB [16] reinforce the trends observed
in the main paper, with RAVEN achieving the lowest average
TPR@1%FPR of 0.029 for semantic watermarking, outper-
forming the strongest baseline, UnMarker, and demonstrat-
ing superior suppression across all methods, with particu-
larly notable gains for challenging schemes such as RingID
and ROBIN. For bitstream-based watermarking, RAVEN at-
tains an average bit accuracy of 0.531, close to the ideal ran-
domization range and comparable to UnMarker, while pre-
serving noticeably better perceptual quality. Performance
remains highly stable across datasets, with semantic TPR
and bit accuracy varying by less than 0.005 between Diffu-
sionDB [16], MS-COCO [11], and SD-Prompts [14], con-
firming that RAVEN leverages properties of diffusion la-
tent representations and watermark embedding mechanisms
rather than dataset-specific prompt characteristics.

4. Additional Qualitative Results

Figures 2-4 present qualitative comparisons of watermark
removal methods across diverse visual scenes, highlight-
ing clear differences in perceptual quality and structural
preservation. VAE-B [2] consistently introduces excessive
smoothing that suppresses fine details and weakens tex-
ture sharpness, while Regen [21] generates visible high-

frequency artifacts due to the aggressive noise injection re-
quired for watermark removal. Rinse often leads to unnat-
ural color shifts and reduced photorealism as a result of re-
peated regeneration passes. UnMarker [9] suppresses wa-
termark signals more effectively than conventional priors
but leaves residual noise patterns and minor structural in-
consistencies. Notably, as evident in the Figure 4, Ctrl-
Gen+ [12] alters the underlying scene layout, introducing
new architectural or geometric elements and generating al-
ternative structures that deviate from the original semantic
configuration. In contrast, RAVEN maintains faithful scene
geometry, consistent structure, and natural texture distribu-
tion while successfully eliminating watermark traces, re-
sulting in visually coherent and photorealistic outputs that
closely align with the original watermarked content.

5. Computational Efficiency
Among advanced methods that achieve strong watermark
suppression, RAVEN offers a favorable balance between ef-
fectiveness and efficiency. UnMarker [9] requires approxi-
mately 5 minutes per image on an NVIDIA A100 GPU due
to its iterative optimization process, while CtrlGen+ [12]
requires multi-GPU training infrastructure with 8 NVIDIA
A100 GPUs to achieve its reported performance. In con-
trast, RAVEN operates in a zero-shot manner without addi-
tional training and processes each image in approximately
6 seconds on an A100 40GB GPU. This efficiency is en-
abled by leveraging frozen pretrained diffusion models with
lightweight attention modifications, avoiding costly per-
image optimization or large-scale training requirements.
While signal processing attacks are faster, their limited ef-
fectiveness against modern watermarking schemes makes
them less relevant in practical scenarios.

6. Defense Directions
While RAVEN exposes a critical vulnerability in existing
invisible watermarking schemes, our goal is not merely to
demonstrate attack effectiveness, but to motivate the devel-
opment of more resilient designs. Promising defense di-
rections include incorporating viewpoint-augmented train-
ing during watermark embedding, enabling the watermark
signal to remain stable under semantic-preserving geomet-
ric transformations. In addition, future detectors could be
designed to identify statistical inconsistencies or cross-view
correspondence violations introduced by novel-view syn-
thesis attacks. More broadly, we hope that RAVEN serves
as a principled benchmark for evaluating watermark ro-
bustness beyond conventional pixel-space and regeneration-
based attacks, guiding the development of watermarking
systems that remain reliable under semantic-preserving
transformations.



Table 1. Verification performance of different watermarking methods under various attacks on DiffusionDB dataset. TPR@1%FPR is
reported for in-generation semantic watermarking methods (Tree-Ring to ROBIN), where lower values indicate better attack performance.
Bit Accuracy is reported for post-hoc bitstream-based methods (DwtDct to VINE), where values near 0.5 indicate successful watermark
randomization. RAVEN achieves the lowest detection rates across both categories, demonstrating superior removal efficacy while main-
taining visual quality.
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DiffusionDB [16]

Bright. 0.487 0.752 0.792 0.989 0.977 0.987 0.831 0.563 0.588 0.839 0.890 0.954 0.913 0.989 0.995 0.841
Cont. 0.889 0.988 0.996 1.000 1.000 0.991 0.977 0.515 0.463 0.960 0.967 0.999 0.922 0.994 0.989 0.851
JPEG 0.434 0.933 0.981 1.000 0.999 0.984 0.905 0.509 0.593 0.790 0.787 0.990 0.913 1.000 1.000 0.848
Blur 0.904 0.988 0.996 1.000 1.000 0.985 0.979 0.672 0.997 0.985 0.889 0.999 0.931 0.988 0.970 0.929
Noise 0.392 0.834 0.792 0.963 0.974 0.895 0.808 0.829 0.995 0.937 0.726 0.992 0.793 0.964 0.972 0.889
BM3D 0.799 0.984 0.991 1.000 0.999 0.869 0.940 0.526 0.830 0.893 0.813 0.998 0.880 0.994 0.997 0.879

Center Crop 0.499 0.971 1.000 1.000 1.000 0.887 0.893 0.723 0.742 0.974 0.981 0.999 0.883 0.917 0.945 0.895
Random Crop 0.715 0.985 1.000 1.000 1.000 0.795 0.916 0.801 0.860 0.979 0.986 1.000 0.739 0.888 0.910 0.906

VAE-B 0.454 0.911 0.968 0.995 0.997 0.824 0.858 0.513 0.658 0.553 0.690 0.978 0.821 0.869 0.906 0.748
VAE-C 0.503 0.926 0.969 0.999 0.999 0.847 0.874 0.514 0.608 0.518 0.687 0.989 0.833 0.875 0.909 0.742
Regen. 0.454 0.903 0.989 1.000 1.000 0.865 0.869 0.512 0.621 0.556 0.496 0.998 0.796 0.857 0.886 0.715
Rinse 0.445 0.861 0.975 0.990 0.996 0.799 0.844 0.501 0.559 0.531 0.507 0.964 0.738 0.825 0.858 0.685

CtrlGen+ 0.084 0.300 0.767 1.000 1.000 0.311 0.577 0.523 0.509 0.516 0.581 1.000 0.676 0.562 0.881 0.656
UnMarker 0.031 0.090 0.034 0.265 0.021 0.042 0.081 0.489 0.517 0.538 0.510 0.597 0.542 0.651 0.623 0.559

RAVEN 0.023 0.070 0.028 0.022 0.020 0.015 0.029 0.515 0.491 0.502 0.522 0.550 0.485 0.583 0.597 0.531

CtrlGen+ UnMarker RAVEN (Ours)

Watermarked Image VAE-B Regen Rinse 

Figure 2. Qualitative comparison of watermark removal methods. VAE-B [4] introduces excessive blurring that degrades fine details.
Regen [21] produces visible artifacts due to high noise injection required for watermark removal. Rinse exhibits unnatural color shifts
and loss of photorealism, a consequence of performing multiple regeneration passes. UnMarker [9] leaves noisy residual artifacts that
compromise visual quality. CtrlGen+ [12] produces overly stylized outputs that deviate from natural appearance. In contrast, RAVEN
preserves fine-grained details, natural textures, and photorealistic appearance. Note that the images for UnMarker [9] and RAVEN differ
slightly from other methods due to cropping layers and camera translation transformations, respectively.
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Figure 3. Qualitative comparison of watermark removal methods. VAE-B [4] introduces excessive blurring that degrades fine details.
Regen [21] produces visible artifacts due to high noise injection required for watermark removal. Rinse exhibits unnatural color shifts
and loss of photorealism, a consequence of performing multiple regeneration passes. UnMarker [9] leaves noisy residual artifacts that
compromise visual quality. CtrlGen+ [12] produces overly stylized outputs that deviate from natural appearance. In contrast, RAVEN
preserves fine-grained details, natural textures, and photorealistic appearance. Note that the images for UnMarker [9] and RAVEN differ
slightly from other methods due to cropping layers and camera translation transformations, respectively.
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Figure 4. Qualitative comparison of watermark removal methods. VAE-B [4] introduces excessive blurring that degrades fine details.
Regen [21] produces visible artifacts due to high noise injection required for watermark removal. Rinse exhibits unnatural color shifts
and loss of photorealism, a consequence of performing multiple regeneration passes. UnMarker [9] leaves noisy residual artifacts that
compromise visual quality. CtrlGen+ [12] produces overly stylized outputs that deviate from natural appearance. In contrast, RAVEN
preserves fine-grained details, natural textures, and photorealistic appearance. Note that the images for UnMarker [9] and RAVEN differ
slightly from other methods due to cropping layers and camera translation transformations, respectively.
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