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Abstract

With the increasing commercialization of the latent diffusion-
based text-to-audio generation, model attribution has become
a critical challenge. Embedding watermarks in generated au-
dio is an effective way to distinguish synthetic from natural
audio. However, existing watermarking methods often suffer
from limited robustness or require additional training, limit-
ing their scalability in practical applications. In this paper,
we propose an anchor-based inversion optimization frame-
work. The method embeds a watermark into the model’s ini-
tial latent vector, designated as a pivotal anchor, and extracts
the watermark through inversion. To mitigate error accumu-
lation and enhance robustness during inversion, we leverage
the temporal consistency and distributional similarity of dif-
fusion models, formulating watermark extraction as a time-
series optimization problem. Specifically, given a suspicious
audio sample and a candidate model with a predefined anchor,
we first perform unguided denoising diffusion on the anchor
to generate an intermediate latent trajectory as the anchor
sequence. Then, we optimize the inversion process to align
the inverted trajectory with the anchor sequence, thereby re-
ducing accumulated errors. During optimization, we adopt
Soft Dynamic Time Warping as the loss function. Its flexible
temporal alignment capability ensures that correct attribution
is achieved only when the anchor matches the target audio.
Experimental results show that our method enables training-
free attribution while preserving audio quality and achieving
strong robustness.

Code — https://github.com/DDAN-LAB/AnchorWM.

Introduction

Latent diffusion models (LDMs) have recently gained sub-
stantial attention and have shown strong capabilities in text-
to-audio (TTA) generation (Liu et al. 2023; Ghosal et al.
2023; Liu et al. 2024b; Majumder et al. 2024). While making
personalized audio creation accessible, they also raise seri-
ous ethical and legal concerns. For instance, voice imitation
can enable impersonation-based fraud, and synthetic media
may facilitate misinformation. Thus, tracing the source of
generated audio has become critically important.

*Corresponding Author.
Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.
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Figure 1: Existing methods fall into three categories: post-
processing, fine-tuning, and codec-based approaches. In
contrast, our method requires no additional training and
leaves the model’s generative performance unaffected.
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Embedding watermarks into generated audio has emerged
as the prevailing approach for attribution. Existing meth-
ods fall into three categories (Fig. 1): (1) post-processing
approaches (Chen et al. 2023; Liu et al. 2024a) embed
watermarks after generation but degrade audio quality; (2)
vocoder fine-tuning methods (Cheng et al. 2024), which in-
tegrate watermarks into a fine-tuned HiFi-GAN (Kong and
Kim 2020) but lack scalability across vocoder architectures;
and (3) codec-based methods (Liu et al. 2024c) embed wa-
termarks during generation using trained encoder-decoder
models, which require additional training. All these ap-
proaches exhibit limited robustness, remaining vulnerable to
perturbations such as resampling and pitch shifting.

Inspired by audio editing (Varshavsky-Hassid 2024) and
image watermarking (Wen et al. 2023; Yang et al. 2024),
which exploit diffusion reversibility by progressively adding
noise to recover initial latent, we attempt to embed water-
marks into the initial latent of TTA models without modify-
ing the generative model and extract them by inverting the
generated audio. However, our experiments show that direct
inversion lacks robustness.



The primary challenge stems from the lossy conversion
between mel-spectrograms and waveforms. This inherent
part of the audio LDMs’ architecture distorts the latent rep-
resentation prior to inversion. Additionally, mismatches be-
tween inversion and the forward denoising process intro-
duce further errors, which accumulate and eventually pre-
vent watermark recovery. Notably, the intermediate latent
vectors generated during denoising diffusion and inversion
form two corresponding latent-space time series. We ob-
serve that when initialized with the same latent vector, the
latent trajectories of classifier-free guided (CFG) diffusion
(Ho and Salimans 2022) and unconditional diffusion remain
closely aligned across time steps. Building on this insight,
we propose Anchor Watermark, an anchor-based inversion
optimization framework for robust attribution.

During embedding, we employ a distribution-preserving
technique (Chen et al. 2022; Yang et al. 2024) to map the wa-
termark into the model’s initial latent space, forming a piv-
otal anchor, which makes the generated audio inherently car-
ries the watermark (Fig. 1(d)). During extraction, we lever-
age temporal consistency in LDMs and the similarity be-
tween unguided and CFG diffusion to reformulate robust-
ness as a time-series optimization problem. We first gener-
ate an anchor sequence by diffusing from the pivotal anchor,
and treat the inverted latent sequence as the target for refine-
ment. Soft Dynamic Time Warping (Soft-DTW) loss (Cu-
turi and Blondel 2017; Krause, Weil3, and Miiller 2023) is
then used to enforce temporal alignment between the two
sequences. Attribution is deemed successful when the bit ac-
curacy between the optimized latent watermark and the an-
chor surpasses a threshold. Experiments show that Anchor
Watermark achieves strong attribution accuracy and robust-
ness. Our contributions are summarized as follows:

1. We propose a novel attribution framework for latent TTA
models that embeds watermarks into the initial latent and
extracts them via audio inversion, without modifying the

generation process or requiring additional training.

To ensure robustness, we optimize the inversion process
to reduce error accumulation. Leveraging the trajectory
similarity between unguided diffusion and CFG diffu-
sion, we designate the initial watermarked latent as a
pivotal anchor and employ Soft-DTW to enforce precise
temporal alignment, ensuring that attribution succeeds
only when the correct anchor is provided.

. Experimental results on three datasets and four TTA
models demonstrate superior effectiveness and robust-
ness compared with state-of-the-art audio watermarking.

Overview

The overall framework is illustrated in Fig. 2. In our setting,
each generated audio is embedded with a unique watermark
w, where both the model parameters and the watermarking
mechanism are accessible only to the model owner. Specif-
ically, we employ a distribution-preserving technique (Yang
et al. 2024; Chen et al. 2022) to map the watermark into
the initial latent space, which serves as the pivotal anchor
(prior evidence). For attribution, we first perform unguided
diffusion on the pivotal anchor to produce an intermediate
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Figure 2: Overview of the proposed method.

latent sequence that serves as optimization anchors. Next,
the audio is inverted, and its latent vectors are optimized
using these anchors. Finally, the watermark (posterior re-
sult) is recovered from the optimized inversion latents. If
Acc(w,w") > 7, the prior evidence and posterior result are
considered matched, indicating successful attribution.

Watermarking Pivotal Anchor
Watermark Embedding

Watermark embedding is achieved by mapping binary wa-
termark bits into Gaussian noise. Specifically, we first re-
shape the watermark bits w € {0,1} to match the di-
mensionality of the random latent variable z7. These bits
are then encrypted using the ChaCha20 algorithm (Bern-
stein et al. 2008), producing a pseudo-random watermark
w,. Conditioned on w,, we perform distribution-preserving
sampling (Yang et al. 2024; Chen et al. 2022). Let f(x) de-
note the probability density function of the Gaussian distri-
bution (0, I), and let pp f represent its percent-point func-
tion. We partition the density f(z) into two regions of equal
cumulative probability, where the bit value y € {0,1} fol-
lows a discrete uniform distribution, i.e., p(y) = % Under
the condition y = 1, the watermarked latent variable z7 is
sampled from the following distribution:

(W 1
ety =i = {570 )

ppf(3) < 2% < ppf(iHt

0 otherwise.

)
Denote the cumulative distribution function of f(z) as
cdf , the cumulative distribution function of Eq. 1 is:

0 2 <,ppf(i) _
F(arlys) = { 2-cdf (27) =i ppf(3) < 25 < ppf(5H)
1 z > ppf ().
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Figure 3: (a) shows the MSE between latent vectors during inversion and denoising, while (b) and (c) report the corresponding
variance changes. The results indicate errors grow progressively with diffusion steps, and the accumulation is more pronounced
when additional conversions are involved. The optimization curves confirm that refining the inversion process effectively re-
duces errors. (d) presents a K-S test comparing latent distributions from classifier-free guided diffusion (A = 7.5, ¢ # 0) and
unguided diffusion(\ = 1, ¢ = ()); the two distributions remain statistically consistent at most steps under a 0.05 threshold.

Let u = F(2¥|y;) ~ U(0,1), the process of sampling the
watermarked latent representation z driven by the random-
ized watermark, expressed as: i = ppf (“£*). Please note
that, in our setup, the encryption key (Bernstein et al. 2008)
and model parameters are exclusively held by the model
owner. Users can access the audio generation service only
via a public APL

Audio Generation

Starting with watermarked 21 (designated as the pivotal an-
chor), TTA model iteratively performs deterministic denois-
ing diffusion (Song, Meng, and Ermon 2021; Song et al.
2021) T steps: zo = Tp(zr) with a classifier-free guidance
(Ho and Salimans 2022). Then, the Mel-spectrogram is re-
constructed using decoder: m = D(zp). Finally, the vocoder
converts the Mel-spectrogram back into an audio signal:
x = V(m). The process above is identical to that of a non-
watermarked model. For clarity of presentation, we refer to
the noising process as inversion (z9 — zr) and the denois-
ing (generation inference) process as diffusion (2 — zp).

Watermark Extraction

To extract the watermark, we first convert the audio x into a
Mel-spectrogram m = M (x) and encode it into the latent
space as z, = £(m). Ideally, DDIM inversion (Song, Meng,
and Ermon 2021) yields an approximate latent vector z/T =
7'971(26) ~ z%. The watermark is then extracted from the
inverted latent zép via the inverse mapping function: w’ =

|2 - cdf (27) |. However, our experiments reveal that direct
inversion results in poor watermark robustness.

Pivotal Anchor-based Attribution
Robustness Analysis

The lossy waveform-Mel conversion. Recall that audio
generation and inversion require converting between wave-
forms and Mel-spectrograms, an inherently lossy process.
The transformation z — m applies STFT followed by
a Mel filter bank, which preserves low-frequency detail
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but suppresses high-frequency components, discarding spec-
tral information. The reverse conversion m — x is even
more lossy due to missing phase and further high-frequency
attenuation. Consequently, the inverted latent z{, deviates
markedly from the original watermarked latent zy’, causing
inevitable watermark degradation during state conversion.

Inversion error accumulation. During DDIM inversion,
the diffusion process is reversed step by step, accumulat-
ing small errors at each stage. The denoising process uses
classifier-free guidance (CFG) (Ho and Salimans 2022) with
A > 1 and a prompt ¢ # (:

@zt 0) =Neg(z, t,0) + (1= N) -eg(2,,0).  (3)

However, the inversion stage lacks such conditions and esti-
mates noise with A = 1 and ¢ = 0: & (2, t) = eg(24, 1, 0).
The condition mismatch between the forward and reverse
processes, combined with the degradation of the initial vec-
tor z(, caused by lossy conversion, leads to cumulative errors
during inversion. Fig. 3 reports the quantitative analysis of
robustness, while Fig. 4 presents an intuitive depiction of the
process of watermark audio generation and inversion-based
extraction.

Pivot-based Attribution

Pivotal diffusion provides anchor sequence. During at-
tribution, we first perform unconditional denoising diffusion
on the pivot z%¥ using parameters A = 1 and ¢ = {), which
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is consistent with the inversion configuration. This process
yields a deterministic latent trajectory Z* = {z%.,..., 2} },

where 2z = z/T is fixed. The intermediate latent variables
z; along this trajectory closely resemble the distributions z;"
obtained in the original generation process with w > 1 and
¢ # (. These variables serve as reliable anchors for opti-
mization, and effectively reduce inversion errors (see Fig.
3).

Leveraging distribution similarity. As previously men-
tioned, when the audio z is generated through a denoising
diffusion process based on the pivotal anchor latent 27, its
inversion trajectory Z = {z,,..., 2y} is expected to ex-
hibit strong similarity to the anchor trajectory Z*. Lever-
aging this similarity, we optimize the inverted latent vec-
tors using the anchor sequence during the inversion process
to reduce inversion errors and achieve accurate attribution.
Specifically, at each time step z; and its corresponding an-

chor 2} :
. !
min [[{z*}2o — {z }{_oll. )
AN AN o e A A A WAy Y
3 ; 3 :
3
: : ]
£ % £ 3
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Figure 5: SoftDTW alignment paths. We optimize the water-
marked latent trajectory %" and the non-watermarked latent

trajectory Z with respect to the anchor z*. The results reveal
distinct alignment paths between the two cases.

SoftDTW for temporal alignment. To balance water-
mark robustness with attribute accuracy, we adopt Soft Dy-
namic Time Warping (SoftDTW) (Cuturi and Blondel 2017)
as the loss function. Unlike Mean Squared Error (MSE),
which only measures pointwise differences, Soft DTW prob-
abilistically evaluates all possible alignment paths, enabling
flexible temporal alignment between sequences. This char-
acteristic makes it particularly well-suited for optimizing
latent diffusion sequences, as diffusion and inversion tra-
jectories can exhibit temporal misalignments due to lossy
transformations. As illustrated in Fig. 5, SoftDTW yields
distinctly different alignment paths for watermarked versus
non-watermarked audio. Mathematically, SoftDTW calcu-
lates the cumulative alignment cost between two sequences
by recursively updating a cost matrix R

R;j = D; j + softminy (R;—1j, Rij—1,Ri—1,-1), (5

where D; ; = ||z — 2] ||? denotes the pairwise distance ma-

trix, and softmin,, is defined as:

softmin, (a) = —v - log Z exp(—ax/7), 6)
k

where v > 0 is a smoothing parameter. The final SoftDTW
loss is defined as: Lsorpw (2, 2') = R, ;.
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Gradient-based inversion optimization. At each step
t € {0,1,...,T}, we compute the SoftDTW loss be-
tween z; and z;, and update z, via gradient descent (Fig.
2(c)). As optimization progresses, the optimized trajectory
2" ={z,..., 2%} gradually approaches the anchors Z*
..., zxn}. This improves the final inverted latent z/. for
watermark extraction. The SoftDTW loss at each iteration is
computed as:

Li(),2) = SO DTW ({2} o {21} a). (D)
oL

The gradient 575 can be computed via backward dynamic
i,j

programming using the normalized alignment probabilities.
By the chain rule, the gradient for each latent element is
computed as:

Ly N 0Ly 0D, - ,
= IS Y Pz — o
0z = OD;; 0z Z i.J (2 Z;

),

j=1
where P; ; is the alignment probability derived from the

backward pass. We then perform gradient descent with the
learning rate 7) to update each z] :

0Ly

0z,
The updated latent z; is then used as the output for subse-
quent inversion iteration. By leveraging stable and reliable
anchors, the model progressively computes a more accu-
rate inverted latent z; , ;. This iterative refinement effectively

mitigates cumulative inversion errors and yields more robust
watermark properties compared to direct inversion.

/ /
Zt<_zt_77
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Experimental Results and Analysis
Experimental Setup

TTA models & Datasets. We conduct experiments on
four state-of-the-art open-source T2A diffusion models:
AudioLDM (Liu et al. 2023), AudioLDM2 (Liu et al.
2024b), Tango (Ghosal et al. 2023), and Tango2 (Majumder
et al. 2024). We perform watermarked audio generation
on three benchmark datasets: AudioCaps (Kim and Kim
2019), WavCaps (Mei, Meng, and and 2024), and Music-
Caps (Agostinelli et al. 2023).

Baseline methods. We perform a comprehensive com-
parison of the proposed method with existing approaches,
including post-processing watermarking methods (FSVC
(Zhao et al. 2021), NormSpace (Saadi, Merrad, and Ben-
ziane 2019), Patch (Natgunanathan et al. 2017), AudioSeal
(Roman et al. 2024), WavMark (Chen et al. 2023), and Tim-
bre (Liu et al. 2024a)), the fine-tuning-based watermarking
method HiFi-GANw (Cheng et al. 2024), and the codec-
based watermarking method GROOT (Liu et al. 2024c¢).

Distortions method. To assess watermark robustness, we
subjected the watermarked audio to ten types distortions: 32
kHz resampling (RS), 100 Hz high-pass filtering (HP), 1000
Hz low-pass filtering (LP), 10% amplitude scaling (AS), 9
kbps MP3 compression (MC), 8 bps recount (RC), median
filtering with a 15-sample window (MF), 5 dB Gaussian
noise (GN), 60% cropping (CB), and a semitone(0.5) pitch
shift (PS).



\ Distortions | FAD IS

Method

‘ Clean CP RS GN AS MC RC MF LF HF PS Avg ‘ (t-valuel) (t-valuel)

AudioLDM | - - - - - - - o o . . m 7.57
Fsve 1.00 005 1.00 026 1.00 075 028 080 097 1.00 0.21 0.63 2.83 7.47
v 1.00 069 1.00 0.71 099 0.82 0.67 081 097 1.00 0.69 0.84 9.59 0.34
Patch 1.00 004 1.00 0.00 091 0.00 0.00 0.00 000 1.00 0.00 0.30 3.20 7.46
085 063 084 058 081 054 059 053 053 084 051 0.64 8.91 1.49
Norm 1.00 000 1.00 090 1.00 096 0.00 096 097 0.87 0.00 0.67 2.86 7.34
1.00 069 1.00 0.89 1.00 092 049 092 094 090 0.51 0.83 8.74 0.39
Timbre 1.00 1.00 1.00 0.00 1.00 0.00 0.00 057 025 1.00 0.00 048 3.10 6.89
1.00 1.00 1.00 059 1.00 063 051 075 073 1.00 054 0.78 8.74 2.51
WavMark 1.00 059 1.00 0.00 1.00 0.02 0.00 025 001 1.00 0.00 0.39 5.83 5.35
1.00 075 1.00 050 099 051 050 064 049 1.00 047 0.68 15.78 3.34
AudioSeal 1.00 0.00 0.00 0.00 0.00 0.00 0.00 000 1.00 1.00 0.00 0.20 3.10 7.47
udt 094 056 069 038 056 050 044 056 088 1.00 063 0.62 10.51 0.48
HiFL-GANw 1.00 1.00 1.00 0.00 1.00 0.00 0.00 057 024 1.00 0.00 048 3.24 691
1.00 1.00 1.00 056 1.00 063 054 075 073 1.00 0.54 0.77 8.77 2.77
GROOT 1.00 084 099 091 1.00 1.00 0.07 097 1.00 099 046 0.82 2.57 7.23
1.00 091 099 089 1.00 1.00 053 099 099 1.00 0.72 0.90 18.32 1.36
Ours 1.00 1.00 1.00 092 1.00 1.00 091 1.00 1.00 1.00 1.00 0.98 2.31 7.59
1.00 1.00 1.00 095 1.00 099 098 1.00 1.00 1.00 1.00 0.99 1.68 0.30

Table 1: Comparison results. In each row, the top reports the TPR and the bottom shows the Bit Acc. Model bias is assessed via
a t-test on mean FAD and IS against watermark-free audios, with ¢-values given in italics. Best results are in bold.

Evaluation metrics. We compute the true positive rate
(TPR) at a fixed false positive rate (FPR) and evaluate the
bit accuracy (Bit Acc) of the watermark. Furthermore, we
exploit Fréchet Audio Distance (FAD) and inception score
(IS) to assess the quality of the audio, ¢-value is employed to
evaluate the performance bias introduced by watermarking.

Diffusion and inversion setting. During generation, the
DDIM (Song, Meng, and Ermon 2021) sampler performs
50 steps to produce 8s audio that embeds a 256-bit water-
mark. For inversion, we use DDIM inversion with an empty
prompt (¢ = (J) and a guidance scale of 1. Optimization is
performed using the Adam optimizer (Ir = 0.01) with three
iterations per timestep. All values are rounded to the near-
est unit. The experiments are implemented in PyTorch on an
RTX 4090 GPU.

Attribution Performance

We assume there are N anchor watermarks w; € 0,1 (i =
1,...,N), the suspicious audio is optimized with each an-
chor N;, and the bit-match Acc(w;,w’) with the extracted
watermark w’ is computed. If all tests fall below threshold
7, the audio is considered non-watermarked; otherwise, it is
model-generated, and arg max; Acc(w;, w') is taken as the
attribution. For a given 7, the false positive rate (FPR) is de-
fined as: FPR(7, N) = 1 — (1 — FPR(7))Y ~ N - FPR(7)
(Fernandez and and 2023). In our main experiments, we con-
trol FPR at 10~ 1% and set IV to 1019, calculates a threshold
7 = 0.8164. As shown in Tab. 2, our method achieves con-
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sistently performance across all four TTA models and three
datasets. The TPR reaches 100% on clean audio, and only
minor drops under attacks, demonstrating excellent perfor-
mance while maintaining strong robustness.

Comparison to Baselines

Robustness against distortions. We employ the Audi-
oLDM model with prompts from the AudioCaps dataset
to generate 1, 000 watermarked audio samples for each
method. As Tab. 1 shows, most methods perform well on
clean audio but degrade sharply under cropping (CP), Gaus-
sian noise (GN), or re-encoding (RC). Patch, Norm, Tim-
bre, WavMark, and AudioSeal fail in most attacks, while our
method maintains high robustness with average TPR 98%
and Bit Acc 99%. Although GROOT performs better than
other baselines, it still lags with TPR 16% and Bit Acc 19%),
confirming the superior robustness of our approach.

Performance bias. To assess the model’s performance
degradation caused by watermark embedding, we conducted
a t-test. The hypotheses are defined as Hy : ps = po and
Hy, : pus # o, where ug and o represent the average
FAD or IS computed on watermarked and non-watermarked
audios (10 groups of 1,000 samples each), respectively. A
smaller ¢ value indicates a higher probability of H, being
true, implying no significant performance degradation. Con-
versely, if the ¢ value exceeds a predefined threshold, H is
rejected, i.e., model performance is affected. As shown in
Tab. 1, our method achieves the lowest ¢ value, suggesting



\ AudioCaps MusicCaps WaveCaps
TTA Model | =" pg Bit Acc TPR Bit Acc TPR Bit Acc
AudioLDM | 1.000 0.983 1.000 0.992 | 1.000 0.991 1.000 0.994 | 1.000 0.986 1.000 0.990
AudioLDM 2 | 1.000 1.000 1.000 0.995 | 1.000 0.980 1.000 0.988 | 1.000 0.980 1.000 0.988
Tango 1.000 1.000 1.000 0.999 | 1.000 1.000 1.000 1.000 | 1.000 1.000 1.000 0.999
Tango 2 1.000 1.000 1.000 0.999 | 1.000 1.000 1.000 0.999 | 1.000 1.000 1.000 0.999

Table 2: Performance of the method. The left value in each column corresponds to the result on clean watermarked audio, while
the right corresponds to the result on attacked watermarked audio. The results demonstrate that the proposed watermarking
scheme achieves high accuracy, strong robustness, and good generalization capability across different TTA models and datasets.
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Figure 6: Robustness against different distortion intensities.

that the audio quality is effectively preserved.

Optimization Settings

Effectiveness of optimization. To assess the effectiveness
of the proposed inversion optimization scheme, we com-
pared it against direct DDIM inversion (Song, Meng, and
Ermon 2021). Figure 7(a) shows the average performance of
the two inversion methods under the perturbations described
in Distortions Method section. Compared with direct inver-
sion, our optimized inversion improves the TPR and bit ac-
curacy by 10% and 7% on AudioLDM (Fig. 7(a), left), and
by 6% and 5% on Tango (Fig. 7(a), right), demonstrating the
proposed method significantly enhances robustness.

Loss function. As shown in tab. 3 (left), SoftDTW
achieves higher and more stable accuracy on watermarked
audio. In contrast, Cross Entropy shows poor robustness,
while MSE and KLD perform poorly on both generated and
natural audio. This is because SoftDTW is mathematically
better suited for time-series optimization: it supports flexi-
ble temporal alignment, and provides a smooth and stable
optimization process, achieving superior performance.

Learning rate. From Tab. 3 (middle), we conclude that
low (0.005) and medium (0.05) learning rates yield high in-

version accuracy, especially on watermarked audio. In con-
trast, a high learning rate (0.1) reduces accuracy on gener-
ated and natural audio, indicating that excessively large op-
timization steps lead to instability and unreliable results.

Iteration steps. Tab. 3 (right) indicates that increasing in-
ner steps from 2 to 8 yields little accuracy improvement and
slightly worse performance on natural audio, while detection
time rises, from approximately 4s to 17s per audio. More
iteration steps increase the time cost without clear benefit,
indicating our method can balance accuracy and efficiency.

Adaptive Attacks

We evaluated three attack scenarios: Mel-spectrogram re-
construction (audio — Mel — audio), VAE compression
(audio — Mel — zg — Mel — audio), and regener-
ation attack (audio — Mel — zy —— zp — 2z —
Mel — audio). For Mel-spectrogram reconstruction, STFT
was applied directly. To simulate the security risks posed by
model leakage, we used the same AudioLDM model in our
experiments (noting that in practical applications, model pa-
rameters are generally inaccessible). Accordingly, in VAE
compression we adopted the parameters of AudioLDM, and
in the regeneration attack we also employed this model by

32822



| Loss function

Learing rate Iteration step

| |
Audiotype | ‘gofDTW  MSE KLD  Cross | 0.005 0.05 o1 | 2 5 8
Clean | 1.00/1.00  1.00/1.00 0.00/0.54 1.00/1.00 | 1.00/1.00 1.00/1.00 1.00/1.00 | 1.00/1.00  1.00/1.00  1.00/1.00
Distortion | 0.98/0.99 1.00/0.98 0.00/0.52 0.84/0.92 | 0.97/0.98 1.00/0.99 1.00/0.99 | 0.97/098  1.00/0.99  1.00/0.99
Generated | 1.00/0.57 0.00/0.96 1.00/0.51 1.00/048 | 1.00/0.55 0.84/0.71 0.83/0.73 | 1.00/0.56  1.00/0.64  0.93/0.69
Natral | 1.00/0.61 0.00/0.97 1.00/0.49 1.00/0.50 | 1.00/0.56 0.83/0.76 0.81/0.77 | 1.00/0.57  1.00/0.68  0.81/0.74

Table 3: The performance (TPR/Bit Acc) under different optimization settings. Clean denotes undistorted watermarked audio.
Distortion represents the average result across all attacked watermarked audio. Generated refers to watermark-free audio gen-
erated by MusicTango (Agostinelli et al. 2023). Natural indicates real audio from the AudioCaps dataset.
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Figure 7: The effectiveness of the proposed optimization method against common distortions (a) and adaptive attacks (b-d).

Guidance scale

Inversion step

Sampling method

Settings | "4 10 14 18 | 10 25 75 100 | LCM PNDM DEIS DPMSolver
Clean | 1.000 1.000 0997 0997 | 0.997 0999 0999 0999 | 1.000 1.000 0997 0997
Distortion | 0.995 0984 0984 0982 | 0986 0990 0991 0985 | 0.996 0997 0997  0.990

Table 4: The bit accuracy with different sampling settings.

first inverting the audio to obtain its latent representation,
followed by denoising with an empty prompt to regenerate
the audio and extract the watermark. As illustrated in Fig.
7, our method consistently and reliably recovers the water-
mark even under these three erasure attacks. From a security
standpoint, adversaries could potentially steal the model and
use arbitrary prompts to generate harmful audio, emphasiz-
ing the critical importance of preventing model leakage.

Ablation Studies

Distortions intensities To further evaluate robustness, we
conducted experiments under different perturbation inten-
sities. As shown in the Fig. 6, for pitch shift, the perfor-
mance drops significantly at higher intensities; however, it
still maintains a bit accuracy of about 85% and a TPR of
93%. For the other distortions, the results remain above ap-
proximately 94% even under high-intensity conditions.

Guidance scale, inversion steps and sampling methods.
To assess the generalization capability of the proposed
method, we varied the guidance scale (from 4 to 18), the
sampling steps (from 10 to 100), and the ODE samplers
(LCM (Luo et al. 2023), PNDM (Liu et al. 2022), DEIS
(Zhang and Chen 2023), and DPMSolver (Lu et al. 2022))
on AudioLDM. In each experiment, only one parameter was
modified while the others were kept at their default settings.

As shown in Tab. 4, the watermark was successfully and
consistently extracted under all configurations, confirming
the robustness and generalizability of the proposed method
across diverse setups.

Conclusion and Future Work

We propose an anchor watermarking framework based on
latent inversion optimization. The method embeds a water-
mark into the initial latent as a pivotal anchor and extracts it
through the inversion process. To mitigate inversion errors,
we leverage the temporal consistency and generative stabil-
ity of diffusion models and formulate watermark extraction
as a time-series optimization problem. Soft Dynamic Time
Warping is introduced to enable flexible temporal alignment.
Experimental results demonstrate that our method maintains
robustness under a wide variety of attacks. Unlike existing
approaches, our method requires no additional training and
does not compromise generation quality. In real-world de-
ployments, although the storage overhead of anchors is neg-
ligible, managing these anchors may still pose practical con-
cerns. In future work, we plan to explore optimization tech-
niques suitable for more open environments and further in-
vestigate the effectiveness of anchor-based sequence opti-
mization for broader generative watermarking scenarios, in-
cluding image and video generation.
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