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Abstract

The rapid proliferation of generative audio synthe-
sis and editing technologies has raised serious con-
cerns about copyright infringement, data prove-
nance, and the spread of misinformation via deep-
fake audio. Watermarking offers a proactive solu-
tion by embedding imperceptible yet identifiable
and traceable signals into audio content. While
recent neural network-based watermarking meth-
ods like WavMark and AudioSeal have improved
robustness and quality, they struggle to jointly
optimize both robust detection and accurate at-
tribution. This paper introduces Cross-Attention
Robust Audio Watermark (XATTNMARK), which
bridges this gap by leveraging partial parameter
sharing between the generator and the detector, a
cross-attention mechanism for efficient message
retrieval, and a temporal conditioning module for
improved message distribution. Additionally, we
propose a psychoacoustic-aligned time-frequency
(TF) masking loss that captures fine-grained audi-
tory masking effects, improving watermark imper-
ceptibility. XATTNMARK achieves state-of-the-
art performance in both detection and attribution,
demonstrating superior robustness against a wide
range of audio transformations, including chal-
lenging generative editing at varying strengths.
This work advances audio watermarking for pro-
tecting intellectual property and ensuring authen-
ticity in the era of generative Al

1. Introduction

With the rapid development of generative audio synthesis
and editing techniques, anyone can now easily edit and syn-
thesize audio content (OpenAl, 2024; Li et al., 2024; Copet
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Figure 1. Quality-attribution performance trade-off curve across
different watermarking strengths and the overall performance com-
parison on detection and attribution tasks. Higher values on both
axes indicate better performance.

et al., 2024; Cao et al., 2025; Zhou et al., 2024). While it
democratizes the creative process and enables new applica-
tions, it also raises serious concerns regarding unauthorized
use of copyrighted data, data provenance, and authenticity
(Pan et al., 2023; Shoaib et al., 2023; Park et al., 2023; Liu
et al., 2024c; Meerza et al., 2025; Liu et al., 2024e). A
notable example is the recent surge in deepfake audio and
video, where malicious actors use generative techniques to
impersonate and create fake speech and video content of on-
line politicians or public figures, to spread misinformation
and manipulate public opinion (Verma et al., 2024; Wenger
et al., 2021; Buo, 2020; Bilika et al., 2023). Furthermore,
beyond deepfake threats, the unauthorized exploitation of
copyrighted content is also a growing concern in the Al
industry (Singer, 2024; Qiwei et al., 2024; Brigham et al.,
2024; Cui et al., 2024; Guan et al., 2024; Liu et al., 2024d).
Nowadays many content creators are subject to copyright
infringement due to the unauthorized use of their content for
Al training and editing (Office, 2023; Abbott & Rothman,
2023). Original content is increasingly exploited and mod-
ified at scale, making it difficult to track data provenance
(Cho, 2024; Robinson, 2024; Vermillio, 2024). As high-
lighted in Content Authenticity Initiative (CAI) (Wikipedia
contributors, 2025), the challenge of combating disinfor-
mation and verifying content authenticity in the digital age
requires robust standards for provenance metadata. Among
the various solutions to track audio provenance and guar-
antee artists’ protection (Ren et al., 2024; Desai & Ried],
2024), watermarking stands out as one of the most effective
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proactive approaches. It involves embedding imperceptiean conduct watermark detection even when edits of strong
ble perturbations into the audio that are both identi ablestrength are applied. We summarize our main contributions
and traceable. Watermarking enables two key processess follows:

detection which veri es the presence of the watermark in
an audio le, andattribution which involves decoding a .
message that uniquely identi es the original creator.

Initialized by WavMark (Chen et al., 2023) and the seminal
work of AudioSeal (San Roman et al., 2024), using end-to-
end deep neural networks for learning to watermark audio
content has demonstrated stronger robustness with minor
quality degradation compared to the state-of-the-art hand-
crafted watermarking method (Westerfeld, 2020). This is
evident under challenging edits, such as EnCodétd&sez

et al., 2023). WavMark proposes an invertible neural net-
work architecture with a 16-bit synchronization code and

a 16-bit message code to jointly conduct detection and at-
tribution. However, the brute-force decoding approach in
WavMark is inef cient, and the invertible architecture limits

the watermarking capacity under more challenging transfor-
mations (Chen et al., 2023). AudioSeal (San Roman et al.,
2024) addresses these issues by decoupling the generator
and detector and adding separate heads for detection and*
message decoding, which improves robustness to advanced
transformations. However, this design boosts detection at
the cost of lower attribution accuracy. In summariether
neural-network-based watermarking can achieve both ro-
bust detection and attribution is still an open problem

This paper identi es two key factors to bridge this gap:
rst, motivated by the shared-parameter architecture advan-
tage of WavMark for boosting learning ef ciency, and the

Combining architectural advantages from prior works,
we design partial parameter sharing between the neural
generator and the detector, with an embedding table as
the bridge and a cross-attention module in the detector
as the core, to allow for more ef cient learning and
accurate message retrieval. Furthermore, we introduce
a simple yet effective message conditioning module
that distributes the latent message temporally, boosting
the attribution learning ef ciency.

To improve perceptual quality, we introduce a new
psychoacoustic-inspired time-frequency masking loss
that captures per-tile masking effects. We compute
masking energy with an asymmetric 2D kernel, identify
the masked TF tiles, and assign lower loss weights to
those tiles with a TF-weighted loss, achieving more
imperceptible watermarking.

We empirically show that our approach can achieve
state-of-the-art performance in both detection and attri-
bution with comparable perceptual quality and superior
robustness. Furthermore, testing in a zero-shot man-
ner on unseen generative editing transformations, our
approach is the only one among the evaluated meth-
ods that maintains non-trivial detection under strong
generative edits.

disjoint generator-detector architecture of AudioSeal for2- Related Work

robust capability, we introduce a blended architecture OfAudio Watermarking. Audio watermarking has evolved
partial parameter sharing between generator and detect@fy ;i cantly from traditional signal processing to modern
which jointly achieves both ef cient learning and robust- deep learning approaches. Early rule-based methods fo-
ness. Speci cally, we propose a cross-attention module thaéused on embedding watermarks in time or frequency do-
leverages a shared embedding table to facilitate message Qﬁéins through hand-crafted techniques (Zhang, 2020; Hu
coding in the detector part. Second, we design a simple yet, al., 2020; Zhang et al., 2019; Qin et al., 2024). A no-

effective conditioning mechanism that distributes the MeSaple example is AudiowMark (Westerfeld, 2020), which

sage temporally before injection, which further improves
the learning ef ciency. With these two key components, we

embeds a 128-bit message using convolutional coding and
selective frequency band modi cations. Although carefully

observe signi cant gains in both detection robustness an%ngineered, hand-crafted methods often degrade under neu-

attribution accuracy. To further improve watermark imper-
ceptibility, we introduce a new per-tile TF masking loss.
Speci cally, we rst compute masking energy with an asym-

ral codec compression @@ossez et al., 2023). Deep neural
networks (DNNs) have enabled more robust end-to-end
watermarking systems that can generalize to unseen trans-

metric 2D ker_nel, identify the mgskgd regions, and thel”\‘ormations (San Roman et al., 2024; Chen et al., 2023; Liu
use the masking energy as a weighting factor for compus; 5 >023a). WavMark (Chen et al., 2023) introduced an

ing a TF-weighted loss in the mel-spectrogram domain.

< invertible neural architecture for joint detection and attri-
With these efforts, we demonstrate state-of-the-art rObUSB'ution with 16

, its brute-force decoding and architec-

while preserving superior perceptual quality (see Figure 1l‘ural constraints limit scalability. AudioSeal (San Roman

Furthermore, under the more challenging task of generativg,

2024) addressed these limitations with a generator-

model editing, we demonstrate that our approach is the onlyja e ctor design with separate detection and message decod-

watermarking approach among the evaluated methods that

g.

The decoupled design improves detection but reduces
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attribution accuracy. Our work focuses on enabling bothcal and widely adopted setting in real-world watermarking
robust detection and accurate attribution through a morsystems (Liu et al., 2024a).
ef cient architecture design with a psychoacoustic-inspired

quality loss Learning to Watermark with Two-Headed Detector. We

rst present the general formulation of a neural watermark-
Source Attribution. A central objective in copyright pro- ing system with detection and decoding separation. A neural
tection is the ability to trace and verify the origin of creative watermarking system is parameterized by( s; bp),
works, which remains challenging, especially for generativevhere ¢ denotes the generator parameters agddenotes
audio systems. Recent efforts have highlighted the necessithe detector parameters. During training, the detection head
of robust source attribution mechanisms that work reliablytypically rst produces a logit for each audio input, which
across different transformations. For instance, Agnew eis then passed through a sigmoid function to yield a proba-
al. (Agnew et al., 2024) performed an extensive audit of popbility p(x) = D% (x) 2 [0;1]. For a watermarked signal
ular audio datasets and revealed serious intellectual property], and an unwatermarked signal , the detection head's
infringements, underscoring the urgency for transparentbjective is to correctly classify both, often formulated by
dataset documentation and reliable authorship checks. Imaximizing the following expected log-likelihood:

the music domain speci cally, Barnett et al. (Barnett et al.,

2024) advanced source attribution by leveraging audio emmax  E_ logD®'(xy,) + E log 1D *'(x") ;
beddings to identify in uential training data in generative °* Xt T

music models, enabling a more transparent “musical rootsyherex,, = G(x; w) andx], = T (xy). During inference,
analysis. Such embedding-based similarity checks aligfhe threshold is usually tuned on the validation set to
with the broader push for dataset auditing, as re ected in Ducontrol a certain level of false positive rate.

et al. (Du et al., 2024), who argue for holistic copyright au- )

diting mechanisms throughout the existing machine learning!€anwhile, the d ! f
processes. In this work, we propose a neural watermarkingPilities D™9(xy,) = [D™9(xy)1;::5;D™9(xy )c ],
system that advances in message decoding performand41€re each entry represents the probability that the cor-
marking an essential step toward robust source attribution®SPonding bitis 1. lts training objective is to maximize the
probability of correctly predicting each bit @f , which can
be expressed as:

message decoding head prodKcesob-

3. Preliminaries

max E _ wylogD™9(x])+(1 wy)log(1 D ™9(x])k) :
Audio Watermarking. Audio watermarking systems typ- omss x;wk;T <109 X+ ) log( (X))

ically comprise two primary components: a generdagor ) ) )
to embed watermark, and a detecBfor recovering it.  BY thresholding eaCD”_]Sg(X\Tv)k at 0.5, the decoded bit
Let x 2 RT be an audio signal of lengti, and let stringw is qbtamed,_ Wlth_ the learning .objectlve seeking
w 2 f0;1g¢ be a binary watermark sequence. The generad = W despite the distortion laydr applied tox.
torG:R"T f 0;1g ! RT outputs a watermarked signal

Xw = G(x;w), which should ideally preserve the audio's 3.1. Overview of AudioSeal (San Roman et al., 2024)

perceptual quality. The detectris then responsible for 1, oontexualize our architectural improvements, we rst

i i i t . T .
two tasks. First, |t.s., dgte-ctm.n he@f® : R . [01] . analyze AudioSeal's framework, which pioneered the dis-
produces a probability indicating whether an input contain§oin generator-detector paradigm for neural watermarking.

a valid Watermark, which yields a nal d'eC|S|0n of PreSENCe\hile it achieves strong detection robustness, its attribution
or absence with a threshold. Second, its message decodifigitations motivate key aspects of XANMARK

headD™9 : RT I [0;1]¢ returns a vector indicating the
probability of each bit being 1, which can be thresholdedDisjoint Generator-Detector Architecture. AudioSeal
to reconstruct the embedded message. In practical setting¥nploys two separate networks for watermark genera-
the watermarked audio may undergo various transformdion and detection: given audio, the generatoG =
tionsT () such as compression and cropping, resulting iffE gen J gerd is composed of an encodBgen that encodes
a distorted signat, = T (x.). Across different transfor- the audio into compact lateht,, and a decodef gen that
mations, an ideal detector should be able to robustly dete¢tecodes the latent into the watermarked perturbation. The
and decode watermarks. In essence, the detection headdio latent is obtained via, = Egen(X) 2 RY ", where
should output probabilities close to 1 for watermarked sigt’ = bT= ¢, is the temporal downsampling factor, and
nals (and close to 0 otherwise), while the message decodinlg is the latent dimension. The secret messagis in-
head should recover a bit sequeneenatching the origi- jected into the latent space with a message endddéhat
nal watermark message. In this paper, we focus on the mapsw to its latenthy, = M (w). The modulated latent
per-sample level detection and attribution, which is a practiwaveform is obtained by adding the message latent to the
audio latenh (x;w) = hy + hy,, followed by the decoder
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Figure 2.System Diagram for XATTNM ARK. XATTNMARK consists of a watermark generator and a watermark detector, with a shared
embedding table that facilitates message decoding through a cross-attention module. In the generator part, we rst employ an encoder
network to encode the audio latent and then apply a temporal modulation to hide the message. The modulated latent is then fed into a
decoder to produce the watermark residual. In the detector part, a linear detection head is used for detecting the presence of watermarks,
and a cross-attention module with a shared embedding table is used for message decoding.

network J gen 1€ to produce the predicted watermarked per4. Methodology

turbation w = Jgen(h(x;w)) 2 RT 1, which is later
" gerl (x; w)) pPespite AudioSeal achieving robust detection, the model

Note that the decoder modéhen struggles to perform accurate message decoding even with-

shares a symmetric structure with the encdelgr, with out distortion (See Table 7). In this work, following the ar-

layers of residual transposed convolution for temporal uIOch|tecture backbone of AudioSeal, we identify and resolve

sampling. The watermark detectdr = fE ger O%Cq is two architectural limitations: disjoint generator-detector
. - el

composed of an encod&e (sharing a similar structure and the information bottleneck caused by embedding mean-

with Egen but with additional padding to match the original pooling. Speci cally, we rst propose a cross-attention
lengthT) and a uni ed decoding hea@?¢° 2 R" 1+ K) generator-detector watermarking system with a shared em-

for both detection and message decoding. Given potentiéledding table and temporal modulation to improve learning

watermarked audia], the encodeEge; rst processes the ef ciency in message decoding. Then, to further improve
audio to obtain the latefit, = Ege(x1) 2 RT M. Then watermark quality, we propose a psychoacoustic-aligned TF

the decoding hea@¢c is applied on the latent to obtain Masking'z loss. The framework is shown in Figure 2.

the logits for both detection and message decoding, i.e.,
odec(fry) 2 RT @+ K), 4.1.Cross-Attention Generator-Detector Watermarking

System with Shared Embedding Table

audioxy = X + .

Multi-bit Message Conditioning M . Similar to the com- o ) _

mon practice of using learned embeddings for conditiona¥Ve observe that the fully disjoint architecture of AudioSeal
generation (Peebles & Xie, 2023), AudioSeal uses an enf- ¢ &  p) often converges fast for the watermark detec-
bedding table of onlgK entriesfE 2 R H toencode tion learning but struggles to learn the message decoding
the total2k possible message states, which signi cantly Part ef ciently and accurately. On the other hand, the full
reduces the storage complexity. Speci cally, eachipitz ~ Parameter-sharing architecture of WavMarks(=  p)
fO;1gforj 2f0;:::;K 1gmapstoindex; = 2j + w;, can achieve superior ef ciency in learning both detection
allowing separate representanons for 0/1 states in each bnd message decoding but lacks enough robustness capa-

position with distinct embedding vectors. Given the positionPility against various distortions (See App. C.2). This
sequence = [11;:::;1k ], the retrievedk embedding vec- Motivates the design of a hybrid architecture with partial

tor sequence i¥ (W) = [Ey,;:::;E;, 12 RK H_ Then parameter sharing between the generator and the detector,
an average pooling operatlon W) is applied to obtain  Which facilitates more effective message decoding while
the nal message laterit,, ? £ E, 2 RH The Preserving robust capability.

message latent is repeated along 'fhe temporal axis and thesur key design is to share the message conditioning mod-
added to the waveform latent, leading<;w) = hy + hy.  yleM between the generator and the detector, which helps
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bridge the information ow between how the message isis the sigmoid activation function.

composed and how it can be reconstructed in the detect(?\yleSsa e Embedding via Temporal Modulation. In
part. Speci cally, the learnable part of the embedding ta-, 9 9 b ’

ble E in M, which serves as the fundamental vector SefAudeeal, the message latent is obtained by a mean-

for composing the message latent in the generator part, %oolmg opegation with temporal-axis repetitiony, =

0 .
now utilized as a reference when decomposing the latent tR€P€at K jK=1 Ey;t® 2 R" ": This approach can
retrieve the message bits in the detector. To achieve this, wiee viewed as injecting the message information mostly into
propose leveraging a cross-attention block (Vaswani et althe frequency domain, which greatly limits the message hid-
2017) to use the embedding talileas a (key-value) ref- ing capabilities. To improve upon this, knowing the input
erence for message decoding, given the query audio lateaudio lengthT, we introduce a temporal message condi-
iy . We describe the decoding mechanism in detail in thdioning mechanism that employs a linear modulation layer
following section. Wy 2 RK " to obtain the message latent:

Message Decoding with Cross-Attentionldeally, for the
given embedding tabl& with 2K entries and a water-
marked audix,, = x + G(x;w), we want to reconstruct

hw = W3 V(w) 2 R® H: ©)

This design avoids relying only on the frequency domain
for distributing theK -bit message, but also signi cantly
cilitates the learning process for message decoding (see
gure 6).

were used to compose the ground-truth message laient
and then feed them as context for the message decoding.
achieve this, we use an attention mechanism that transforms
the embedding table into key and value using two different - i .
linear projections, and does attention-based vector merginﬁ'z' Psychoacoustic-Aligned Time-Frequency Masking
with a query from the reconstructed latent representdtion  Achieving imperceptibility is a key requirement of any wa-
Speci cally, since the nearby two entriesEhrepresent one termarking system. Ideally, a watermark should exploit
position with different bit states, merging them into @&-  the perception characteristics of the human auditory sys-
dim vector represents the latent of each position. We trangem so that the artifacts remain imperceptible. Among
form this reshaped embedding matBi® 2 RX 2" into  all the psychoacoustic effects, auditory masking (Gelfand,

K ;V with two linear projectionsV¢ ;Wy 2 R " 2017; Holdsworth et al., 1988) offers strong theoretical guid-
thatisk = EWy andV = E®W\y . Then, we demodu- ance for designing perceptual losses in watermarking (Deng
late the reconstructed waveform latent along the temporadt al., 2023; Qin et al., 2019). While prior work like Au-
axish, 2 RT ", to obtain the rstversion of raw predic- dioSeal (San Roman et al., 2024) introduced perceptual
tion Wy for the originalkK components. To do this, we rst |osses such as TF-Loudness, these often adopt a coarse ap-
use a linear projectiolV gem 2 RT X for obtaining the  proach based on loudness differences within xed TF tiles.
query sequencE$™ = W h, 2 R® " and follow  Such methods face two main limitations: (i) they may not
with a linear query projectioVo 2 R" H. Then we fully capture sophisticated auditory masking effects, partic-
can utilize the embedding tabte to further re ne the nal  ularly the interactions between masker and maskee signals
component predictioN’y with the following cross-attention across different tiles, and (ii) loudness differences alone
mechanism: can provide weak supervisory signals for guiding the water-
mark embedding, resulting in a coarse penalty distribution

— pdem K H.
Q=M™ Wq2R ' (visualized in App. C.9 in Figure 12). These limitations
K = EWx 2R 1, motivate our development of a more psychoacoustic-aligned
V = E°W, 2 RK H: @ TF-masking loss.

_ 3 K > K oK. Per-Tile Penalty with Asymmetric Temporal-Frequency
A = softmax 0 2R , Decay. Let Sp(m;t) denote the magnitude of the orig-

inal audio's mel-spectrogram, and the watermarked mel-
spectrogram iSw (m; t). To identify those strong “masker”

whereH is the latent dimensiorK is the number of mes- filesM , we apply a magnitude threshold to different
sage bitst is the temporal dimension, amdt( ) can be any ~fimestamps on each frequency band & 0:8):

activation function. In this study, we use exponential linear )

units (ELU) (Clevert et al., 2016). With the predicteg, ~ M masker = f(M;1) jSo(m;t) > s max So(m; t9g:

we further employ a linear projection lay@fqec 2 R 1

with sigmoid activation function for the construction of the Each index pai{m¢;t;) 2 M naskeracts as a masker, and
message decoding head. The nal logit for message predieve model its masking in uence over neighboring tiles with
tion bit is then obtained a8y = V«W gec , Where () a linear energy decay in the decibel domain. Speci cally,

V., =act AV 2RK H:
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given mel-scale frequency radif', r{", and time-axis ra- Per-Tile-Weighted ", Loss Computation. Psychoacoustic

diusrj, rf, the local region of a masker is de ned as: masking effectively applies only when the masker's mask-
ing energy surpasses the tile's energy. We therefore apply

9 the masking threshold on watermarked mel-spectrogram at
201log;g Sw (m; t), ltering the set of masked tiles as:

R(me;te) = f(m;t)j " mory;org ot

where m=m m¢and t=1 t.. Aligned with

the empirical studies (Necciari et al., 2016) that the postM paskee= f(M;t) j EpagdM;t) > 2010g;o Sw (M;t)g:
masking region (forward masking) is usually longer than

the pre-masking region (backward masking) in the temporallo encourage the model to embed the watermark in those
axis, we set asymmetric radif, andr}, with a forward  maskee regions, we design per-tile penalty terms which
masking region of 200ms and a backward masking regiomveight the™, difference (Chen et al., 2023) between the
of 20ms. For the frequency-bin radius, we rst computewatermarked and original audio in mel-spectrogram space:
the empirical critical bandwidth for each mel-bin using the

formula from Zwicker & Fastl (2013)W (m¢) = 25 + (M) =1+ Lt )om pagee LOFm=lMI=205 (5)
2 0:69 X kSw(m;t) S o(m;t)k?
75 1+1:4 Flne) , whereF (m¢) is the approx- Lte = ( )(m;t())( ) 2, (6)

imated center frequency obtained by converting each Mel (mit)

bin valuem back to Hz using? (m) =700 (10%% 1), wherel0F mas{M1)=20 js the masking energy, and the weight-

i -bi =fm=ym . . . . . .
Tr;]en the_r?/(\j/u fore_a;h mel b||:n are SPTW.@S rg t.rb ' | ing term (m;t) is larger for tiles in the masking region
where = W(m¢)5F (my) (mo)j is an adaptive scal- , maskee €ffectively allowing more watermark signal to

|n%_terr?r,lvt[m,] dtetno'ga tge w'tmh(etLblrévalue{b 'Sd‘.”‘ basel ge embedded in those locations. For non-masked tiles,
radius that is set to be 3. Wi e dynamic radius scale (m:t) = 1 enforces standarg loss.

by the critical bandwidth — where high&nequency compo-
nents have wider masking ranges (Holdsworth et al., 1988) Other Auxiliary Perceptual Loss. Following San Roman
we observe a better performance than using constant et al. (2024), we use a constraint on the watermark sig-

. . .. nal  to ensure waveform-domain smoothness, and we
The physical structure of the cochlea determines that h'gh%corporate a multi-scale Mel spectrogram l6$sspec(€.9-

frequencies (located at the base of the cochlea) cause s raiosses et al. (2023)) to manage frequency-domain

broader and stronger excitation patterns compared to th%elity. Furthermore, we also adopt adversarial loskag,

lower frequencigs (located at the apex). To inject this_ bia%n multi-scale STFT spectrograms for perceptual improve-
of slower decay in the upward spread of masking (Zwicker ent, but with a lower weight,q, = 1 (while AudioSeal

& Fastl, 2013), we set the decaying term for the upwar _ X o .
. . . ) =4). Th h h th |
direction to be smaller than the one in the downward d(lj_umses aav = 4). The reason behind this is that aggressively

S + . pushing the watermarked audio distribution to be close to
rection, i.e., ; ¢ . For the temporal decay, following

Necciari et al. (2016). si the f dd is o the clean audio distribution in an adversarial sense may
eccian et al. ( ), since the forward decay Is slower, we nalize desirable watermark characteristics (e.g., certain

set the forward decaying slope less steep than the backwaﬁqe ] . : : :
. d usical “remixes” can produce satisfactory imperceptible
one, i.e., { ¢ - Given a maskefmg; t¢), the threshold P y Imp P

for th kee tilém: 1) | ted as: watermarks, but still yield high adversarial loss). We ob-
energyEmasifor the maskee tilgm; ) is computed as: serve that lowering the adversarial weight allows the model

Emaskm; t; (Mc;tc)) = 2010910 So(Mme;te) j  Ej; to focus more on the psychoacoustic aspects to develop a
where E = !max(0; m)+ , min(©0; m) human-centric, imperceptible watermark.
+ [ max(0; t)+ , min(0; t);
4)

In psychoacoustic modeling, particularly in audio compres®-1- Experimental Setup

sion (Bosi et al., 1997), the global masking threshold isoliowing prior works (San Roman et al., 2024; Chen et al.,
determined by considering only the most dominant maskep23), we use a sampling rate of 16 kHz and one-second
at each frequency component. Following this, the nalmono samples for trainingf(= 16000) under 16 diverse

5. Experiments

masking thresholé ,,;(m; t) is computed as: audio editing transformations. We train the models on a
E, .(mit) = max E masd(M: t: (Me; te)) : mixed audio datgset of 4100 hours containing speech (3916
(Mcite)2M  maskei hours VoxPopuli (Wang et al., 2021) and 100 hours Lib-

(mt)ZR(me:te) riSpeech (Panayotov et al., 2015)), music (9 hours Music-

This ensures that each maskee tile receives masking ener@aps (Agostinelli et al., 2023) and 880 hours Free Music
from its most perceptually dominant masker, while weakerArchive (Defferrard et al., 2016)), and sound effects (98
maskers have negligible impact (Gelfand, 2017). hours AudioSet (Gemmeke et al., 2017)). For evaluation,
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Table 1.The accuracy of detection and attribution across different editing operations. For detection, we also report the True Positive Rate
(TPR) and False Positive Rate (FPR) where the threshold is selected by Youden's Index (Youden, 1950) on a balanced validation set.

AudiowMark WavMark TimbreWM AudioSeal XA TTNMARK

Edit Det. (TPRIFPR) Att.  Det. (TPRIFPR) Att.  Det. (TPRIFPR) Att.  Det. (TPRIFPR) Att.  Det. (TPRIFPR) Att.

Identity 1.00 (.00/0.09 1.00 1.00 (.00/0.09 1.00 0.995¢99200)  0.93  1.00 .99/0.0) 0.69  0.995(99/0.0) 1.00
Bandpass 1.00:60/0.09 1.00  1.00 {.00/0.09 1.00 0.985¢9700)  0.93  1.00 {.99/0.00 0.31  0.995(99/0.09 0.99
Boost 1.00 (.00/0.09 1.00 1.00 (.00/0.09 1.00 0.98 {.96/0.09) 0.91  1.00 {.99/0.0) 0.50 0.995(99/0.0) 1.00
Duck 1.00 (.00/0.09 1.00 0.995(e900) 1.00 0.97 {94/0.0) 0.89  1.00 (.99/0.0) 0.56  0.995(99/0.09) 1.00
Echo 1.00 {.00/0.09) 1.00  1.00 {.00/0.09 1.00 0.945¢s000) 0.91 1.00 {99/0.09 0.38  0.995(99/0.09 0.99
Highpass 1.001(00/0.09 1.00 0.95 {20/0.09 1.00 0.985¢9700)  0.93  1.00 {.99/0.09 0.31  0.995(99/0.09 1.00
Lowpass 1.001(00/0.09 1.00 1.00 (.00/0.09 1.00 0.985¢9700) 0.90 1.00 .99/0.0) 0.56  0.995(99/0.09) 1.00
MP3 0.94 (.88/0.09 1.00 0.805¢s6100) 1.00 0.9591/0.0) 0.86  1.00 ¢.99/0.09 0.38  0.995(.99/0.09 1.00
Pink Noise 1.00:(00/0.09 1.00 1.00 (.00/0.09 1.00 0.995(990.0)  0.92  1.00 {.99/0.0) 0.75  0.995 (99/0.0) 1.00
White Noise 1.001(00/0.09 1.00  1.00 {.00/0.09 1.00 0.975¢9s00)  0.90  1.00 {.99/0.00 0.56  0.9950.99/0.00) 1.00
Smooth 1.001(00/0.09 1.00 0.96 (92/0.0) 0.88  0.98 (.96/0.0) 0.80  1.00 {.99/0.0) 0.19  0.995(99/0.0) 1.00
Speed 0.500(00/0.09 0.00  0.50 (.00/0.09 0.00 0.515¢o0700)  0.18 0.61{=z6/0.1) 0.00  0.99599/0.0) 0.03
Resample 1.00:(00/0.09 1.00  1.00 {.00/0.09 1.00 0.98 {.96/0.09 0.92  1.00 {.99/0.09 0.56  0.995(99/0.09 1.00
AAC 1.00 (1.00/0.0) 1.00 1.00 {.00/0.09 1.00 0.975¢9s00) 0.90  1.00 {.99/0.09 0.12  0.995(.99/0.09 0.88
EnCodec (ng=16) 0.50.¢0/0.0) 0.00 0.805¢6100) 0.00 0.625¢s002)  0.07  1.00 {.99/0.0) 0.31 0.965(9310.0) 0.99
Crop 0.965{930.0) 1.00 0.995¢990.0) 1.00 0.96 {92/0.0) 0.85  1.00 ¢.99/0.09 0.12  0.975(980.0) 1.00
Average 0.929(0.859/0.0000 0.88 0.9180.836/0.000) 0.87 0.9250.8690.019) 0.80 0.97X0.950/0.010) 0.39 0.9919(0.9856/0.0019) 0.93

we use a held-out test set from MusicCaps of size 100. F05.2. Detection and Attribution Effectiveness

each audio le, we embed 100 distinct messages, re:sultingz bust to Standard EditsW t the detecti
in 10k unique watermarked audio samples. Each of these CPUStNEss to standar Iitsvve present the detection
nd attribution performance across a comprehensive suite

samples is then subjected to 16 different audio transforma: . o . )
tions, leading to a total of 160k evaluated instances. Th f standard audio editing operations in Table 1. For detec-

audio duration is set as 5s by default in evaluation. Thdion, we report both the overall accuracy and the true/false
loss weights are set asie = 1 w=1 - =01 positive ratestrr/FPr) For attribution, we report the aver-
. - 1 adv — 3 1 = L]

- - _ aged performance across different user numbers (see Figure
=2, = = 10. We use the Adam :
o;)niisrpr)]eiczer (Kin(gﬁcg 2 Bgesgzagis) with learning rafe-5 5 for the decomposed result). Our method achieves new
L =04 ,=09 anél Exponential Moving Avera1ge state-of-the-art performance on both tasks, maintaining high

(EMA) (Tarvainen & Valpola, 2017) with decay factor of detection accuracy (99.19% average) and a_ttribution accu-
0:99 updated at every step. We train for 73k steps withracy (93%) on average across transformations. Notably,
batch size 16 and latent sikk = 32. To boost the sampling while AudioSeal achieves strong detection performance

0 ; . i
of the transformation ef ciency, we update the sampling(g;)/lﬂ) average)i_lr': sttru%%lles tcl) perform E ff;ct(;\_/e a;;”bll:t'on
probability of each transformation every 1000 steps on th b average). The traditional approach, AudiowMark, ex-

validation set, adjusting it based on the validation accurac%g:/ts n,:to.rg l:glan(l::)ec: ldetectlon-attljlzuttlon;rade-o::fs (around
of each transformation. 6 attribution) but lower overall detection performance

(92.9% average). Under the speed-change transformation,
For the attribution experiment, we follow the simulation our method achieves 99.5% detection accuracy while all
protocol in San Roman et al. (2024) that de nes a messagether methods degrade to near random-guess levels (50-
pool of sizeN (2 f 100 100Q 1000@Qy), where each mes- 61%). While attribution remains challenging under speed
sage is uniquely associated with a different user. NAs change, we show that the attribution performance can be
increases, the message length (in bits) also grows, makingartially restored via a speed-reversion layer (see App. C.3.1
attribution more challenging due to the increased complextor details). Figure 5 further validates tRAATTNMARK
ity of distinguishing individual messages. During decoding,consistently maintains high attribution accuracy even with
the message is retrieved from the pool by selecting the oniacreasing message pool sizes. Furthermore, we conduct
with the closest Hamming distance. We de ne attribution statistical tests to validate the statistical signi cance of the
accuracy ashe fraction of correctly attributed messages improvement in attribution across different transformations
among all audio inputs that were positively detected as wa(App. C.14 and App. C.3 for more details). In summary,
termarked We compare to four state-of-the-art baselineswve demonstrate tha(ATTNMARK is more robust under
AudiowMark (Westerfeld, 2020), WavMark (Chen et al., standard edits for both detection and attribution.
2023), TimbreWM (Liu et al., 2023a), AudioSeal (San Ro-

man et al., 2024). Please refer to App. A for more details. Robustness to Generative Edits.Beyond the standard

audio transformations that are seen during training, audio
generative editing is one particularly challenging transfor-
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Table 2.The detection performance (Accuragyr/FPR) under
two generative edits applied with different editing strendths

Audio
LDM2

0.50 (5005
110 0.50 (s005) 0.50 (5005

0.50 6130
0.50 (.000.0

0.94(
0.94(0.940.0;

System t  AudiowMark WavMark  TimbreWM  AudioSeal XA TTNMARK
Stabl 10 0.50 (50050  0.50 (.5005)  0.47 .s10.8)  0.69 (63029 0.94(0.94/0.08
A‘Z. 70 0.50(s005) 0.50 (so05) 053 (ao0.1) 059 prs0s)  0.91(c
udio 110 0,50 ¢so05)  0.50 s005) 053 fse0s) 059 peanr)  0.91(
0.50 ps005) 0.53 ) 059 (o07)  0.94(
) ) w073
) ) )

Table 3.Detection performance and audio quality metrics after
HSJA-based (black-box) adversarial attacks on the waveform and
spectrogram domains on AudioMarkBench dataset (Liu et al.,

20244a).
Dift. setup | AudioSeal \ XATTNMARK Figure 3.Watermark-removal attacks under three different knowl-
| Acc. PESQ SISNR ViSQOL| Acc. PESQ SISNR ViSQOL edge settings. PESQ is measured between attacked audios and
Waveform 015 114 8.97 261 | 0.68 2.80 17.79 3.34 ; P : :
Spectrogram| 0.15 105 -17.82 245 ‘ 036 156 2408 247 genuine ones (PESQ 4 indicates strong quality degradation).
#Q=100 015 114 8.97 261 | 0.68 280 17.79 3.34
#Q=200 015 1.13 8.95 2.64 | 057 230 6.93 291
#Q=500 015 1.13 8.72 263 | 047 197 1.66 2.55

also signi cantly degrade audio quality in the process. In

the waveform domain, increasing the query budget from

mation that waFermarking systems mi_ght have tp endure a(tg = 100 to Q = 500 further reduces detection accuracy
deployment (Liu et al., 2024b). To simulate this, we useqqm 0 6810 0.47. However, across all experimental con gu-
two state-of-the-art audio generative models, AudioLDM2a4iqng X ATTNMARK consistently outperforms AudioSeal

(Liu et al., 2024b) and Stable Audio (Evans et al., 2024)i, terms of both detection robustness and perceptual qual-
with a text-guided DDIM inversion method proposed in iy hreservation. Aligning with San Roman et al. (2024),
ZETA (Manor & Michaeli, 2024). We test various editing \ye fyrther evaluat&X ATTNMARK against white-box, semi-
strengthd 2 f 10,70;110g, which represent the diffusion 50k hox (using a re-trained surrogate model with the same

forward step when using DDIM inversion. As shown in 4 chitecture but different initialization), and Gaussian noise
Table 2, AudiowMark and WavMark degrade t0 a randomyia s, with results shown in Figure 3. The results reveal
guess level performance, while TimbreWM and AudioSealy, o+ model vulnerability increases with attacker knowledge,

show inferior performance across different editing Strengths‘r’]ighlighting the importance of keeping detector models pro-
around 50-60%. In contrast, our method maintains consiTirietary to mitigate watermark removal threats
) .

tently high detection accuracy, averaging 91-94% across a
editing strengths, and is consistent across both generatiextending to Watermark Localization. We further ex-
models. While XAttnMark demonstrates strong detectionteNdXATTNMARK to perform watermark localization fol-
robustness (e.gz 90% accuracy) against generative editing lowing the Brute Force Detection (BFD) method used in
attacks in a zero-shot manner, achieving similarly robus¥vavMark (Chen et al., 2023). This is achieved by employ-
attribution performance under such strong edits remains &9 a sliding window detection mechanism. Given that our
challenge and an important direction for future work. Nev-model operates on 1-second audio segments and incorpo-
ertheless, our detection performance marks a signi cantates transformations robust to time shifts, we can distribute
advancement. This demonstrates tKATTNMARK gener-  the per-segment detection probability to a ner, per-frame
alizes better to unseen generative edits compared to existidgvel by utilizing multiple overlapping detection windows.

methods. Please refer to the App. C.4 for more details. AS shown in Figure 4XATTNMARK achieves localization
, performance comparable to AudioSeal and signi cantly out-
Robustness to Adversarial Watermark Removal Recent performs WavMark, in terms of both sample-level F1 score

work by Liu et al. (2024a) demonstrates that adversarial petn g |ntersection Over Union (loU) metrics. Furthermore,

turbations can be crafted to make watermarks undetectablgy, 5150 gemonstrate the effectiveness in the case where the
even with only black-box access to the detection model. Ty ration of the watermark segment is xed at 1 second, and

evaluate robustness against such attacks, we employ thge tota| audio length varies from 2 seconds to 10 seconds.
black-box HopSkipJumpAttack (HSJA) (Chen et al., 2020),p|05se refer to the App. C.10 for more results.

which iteratively crafts minimal perturbations in either the
waveform or spectrogram domain to fool the detector. A55
shown in Table 3, we rst evaluate HSJA attacks in both
domains with a query budget € = 100. While the at- We evaluate the following objective quality metrics of
tacks successfully reduce detection accuracy, the attackbe watermarked audio: Scale Invariant Signal to Noise

3. Quality and Stealthiness Assessment

8
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5.4. Ablation Study

We rst conduct ablation on the cross-attention module
and temporal modulation layer to showcase their effective-
ness for boosting learning in message decoding. As shown
in Figure 6, our approach demonstrates superior learning
ef ciency, reaching approximately 98% accuracy. When
removing the modulation component, performance drops
signi cantly to around 60%. More dramatically, ablating
the cross-attention mechanism causes accuracy to drop to
randomguess levels (50%), highlighting its crucial role in
the architecture. Our ablation studies highlight the contribu-
tions of key architectural components. Notably, the partial
parameter sharing enabled by the cross-attention mechanism
is particularly impactful for improving message decoding
F_igure 4 Watermark Ioc_alizatior_1 results across different dura- ¢ ciency and accuracy. While the temporal conditioning
tions of watermarked Wln‘dOWS In terms of .Sample-level F1 scorgnodule also contributes, the ability of the detector to directly
and Intersection Over Union (loU) metricsié better). . . .
attend to shared message embeddings via cross-attention
appears to be a more dominant factor in achieving robust at-
tribution compared to ablations without it. Furthermore, we

Table 4.Audio Quality Metrics . Comparison of objective percep- aPlate the proposed TF loksr and the adaptive bandwidth

tual quality metrics across watermarking methods. with constant weight = 1. As shown in Table 4, both of
Methods SI-SNR" PESQ" STOI" VIiSQOL" L( w)# them contribute to perceptual quality.
AudiowMark 2788 459 0988 472  -44.96
WavMark 3635 443 0985 462  -53.01
TimbreWM 2645 429 0974 4.63 -43.69
AudioSeal 2532 451 0990 472 -44.51
XATTNMARK 2900 443 1000 456  -54.63
wio L 1964 425  0.990 4.26 -52.63
w/o Adaptive 21.89 4.22 0.991 4.24 -54.30

Ratio (SI-SNR), as well as PESQ (Rix et al.,, 2001),
ViSQOL (Hines et al., 2012) and STOI (Taal et al., 2010)
Furthermore, we also report the loudness of watermar
residuallL ( ) according to ITU-R BS.1770-4 (Interna-
tional TeIgcommunication_Union, 20.11), which is an impor-g  Conclusion

tant metric for watermarking stealthiness, especially under

residual-based detection (Yang et al., 2024). As shown irin this paper, we propose a neural audio watermarking
Table 4 XATTNMARK achieves competitive performance framework that achieves both reliable watermark detec-
across all perceptual quality metrics. While WavMarktion and accurate message attribution under challenging
achieves the highest SI-SNR (36.35 dBRATTNMARK  transformations, including generative editing. By integrat-
excels in perceptual quality measures, achieving the be$tg partial parameter sharing, a cross-attention-based de-
STOI score (1.000) and the lowest watermark residual louckector, and a temporal conditioning module, our approach
ness (-54.63 LUFS). For the PESQ and ViSQOL scoregmproves robustness and decoding accuracy compared to
XATTNMARK achieves competitive performance, with a existing neural watermarking methods. Additionally, the
PESQ score of 4.43 and a ViSQOL score of 4.56. We alsgsychoacoustic-aligned TF masking loss enables quality-
conducted a subjective listening test using the MUSHRApreserving watermarking. To our knowledge, this is the
protocol (International Telecommunication Union, 2014) rst method to demonstrate non-trivial watermark detection
with 12 participants, and the results suggest thatrtn-  under generative editing, marking a signi cant step toward
MARK achieves a comparable quality with AudioSeal scor+eliable content attribution in generative Al settings. Future
ing around 91 (while ground truth scores around 95, moravork includes developing stronger watermarking for robust
details in the App. C.1 and App. C.9). In summaxXAT-  attribution under speeding and various generative editing,
TNMARK achieves superior utility while maintaining com- and leveraging spatial psychoacoustics to improve the per-
petitive perceptual quality. ceptual quality and support spatial audio watermarking.

Figure 5.Attribution accuracy Figure 6.Ablation study on the
'tévith different #Users. proposed architecture.
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A. Implementation Details

Model Architecture. Following AudioSeal (San Roman et al., 2024), we leverage a pair of convolutional encoder-decoder
models that operate on the waveform domain to generate and detect watermarks. The watermark generator consists of a
waveform encoder and decoder, both utilizing components from EnCoddogez et al., 2023). The encoder employs a

1D convolution containing 32 channels and a kernel size of 7, then uses four convolutional blocks. Each of these blocks
contains a residual unit and a down-sampling layer, utilizing convolution with shriaied kernel siz& = 2S. The residual

unit contains two kernel-3 convolutions with a skip-connection, with channels doubling during down-sampling. The encoder
ends with a two-layer LSTM and a nal 1D convolution having a kernel size of 7 and 128 channels. Thé&stalles

used are (2, 4, 5, 8), and residual units utilize the Exponential Linear Unit (ELU) as a nonlinear activation. The decoder
re ects the encoder's structure but employs transposed convolutions, with strides in the opposite order.

The detector contains an encoder, transposed convolution, and linear layer for the detection head. The encoder utilizes the
same structure as the one from the generator, but with different weights. The transposed convolutionkhcutes

channels and upscales the activation map to match the original audio dimension, yielding an activation maf¥shkiped

This frame-level latent state serves both the detection head and the message decoding headetectithreheaghe linear

layer serves to reduce the dimensionality-oto two, followed by a softmax function that produces per-sample detection
probability scores. To obtain the sample-level detection probability from frame-level logits, we apply temporal averaging
(mean pooling) across the time dimension. Additional details omibesage decoding heade provided in the next section.

Cross-Attention Message Decoding Heddhe message decoding head aims to decode the embedded message bits by
leveraging the shared embedding table from the generator. The key idea is to have a “message vocabulary” to look up when
decoding the message bits. To this end, we employ a single-head cross-attention layer with the message latent state as a
guery and the units in the embedding table as key-value pairs. Note that the reconstructed waveform latent is rst passed
through a fully connected layer to decompose the time dimension and olaidimensional message latent state as a

query. For the embedding table part, we reshape the embedding tatflel talianensional vector by combining the two

vicinal units that correspond to the same message bit int@dndimensional vector. All the linear projectiofk K; V are

designed to map the latent dimensiorHtalimensions. After the cross-attention operation, we apply an ELU activation
function followed by a nal linear projectiokV 2 R" ! to obtain the nal per-bit message logits for the logistic regression.

Training and Inference Details. During the training stage, we employ a curriculum learning method to rst disable the
gradient-based quality balancing term, guiding the model to focus more on learning watermark decoding at the beginning of
training. After 59000 training steps, we enable the quality balancing term to help the model improve the watermark auditory
transparency with more dynamic scaling across different perceptual loss terms. To boost the sampling of the transformation
ef ciency, we update the sampling probability of each transformation every 1000 steps on the validation set, adjusting it
based on the validation accuracy of each transformation. In detail, the samplingyridrdransformatiorg is given by

Py = Pll% + , whereacg is the accuracy of the model on transformatgpand is a small constant for keeping the
9

sampling ratio non-zero. We observe that it boosts the learning ef ciency in attribution with at least 2x improvement under
the main setup. The training checkpoint at 73000 is selected based on its balanced performance between quality and utility
scores on the validation set. During the inference stage, for given audio with arbitrary duration, we rst pad and split the
input audio into multiple 1s audio segments and then apply the watermarking model on each chunk. Audio chunks are then
concatenated to obtain the nal watermarked audio.

Perceptual Loss.Following AudioSeal (San Roman et al., 2024), we employ a pool of perceptual loss terms to guide the
model to learn the watermarking task. The perceptual loss terms include: i) multi-scale mel-spectrogtanssjesthat

computes both L1 loss on linear-scale mel—spectrograms and MSE loss on log-scale mel-spectrograms across multiple FFT
window sizes (fron2° to 211), with each scale weighted by2 1 for scalei; ii) feature matching losk 5 that minimizes

L1 distance between intermediate feature maps extracted from the adversarial discriminator, averaged across all layers. iii)
waveform L1 losd. ywavetormthat minimizes L1 distance between the original waveform and the watermarked waveform; iv)

our proposed psychoacoustic-aligned TF maskingllggg, Which captures the weightéd loss in the mel-spectrograms
domain, using a per-tile weight obtained through simulation of the masker energy decaying in the time-frequency domain.

For the adversarial discriminator, we adopt a multi-scale STFT discriminator architecture that operates on the complex STFT
representations of the audio at different scales. Speci cally, it consists of multiple sub-discriminators, each processing the
STFT with different FFT sizes (512, 1024, 2048), hop lengths (128, 256, 512), and window sizes (512, 1024, 2048). Each
sub-discriminator rst computes the STFT, concatenates the real and imaginary components along the channel dimension,
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and processes them through a series of 2D convolutions with increasing dilation rates (1,2,4). The feature maps from these
convolutional layers are used for the feature matching loss. These losses jointly optimize for perceptual quality by matching
both time-frequency characteristics and learned audio representations.

Evaluation Setup. For the attribution experiment, following San Roman et al. (2024), we set up a pbopotential

users, where each user's sequential bit message is derived from their ordinal number,ikth Uber's message is given by

w; = binary(i). This creates a space of all potential mess&tgs The attribution is achieved by retrieving the message in

Ew with the smallest Hamming distance. Compared to bit-wise message accuracy, this metric provides a more practical
measure of message retrieval performance, aligning better with real-world watermarking applications and attribution use
cases. The message length (in bits) determines the maximum number of uniquely identi able users. Speci cally, for a
message ok bits, the system can support up2d unique users. In our experiments, we use a 16-bit message, enabling
attribution acros'® = 65;536users at maximum.

A.1l. Robustness Augmentations
Following AudioSeal (San Roman et al., 2024), we apply these audio editing augmentations during training and evaluation:

» Bandpass Filter: Simulates frequency-selective audio equipment by allowing only mid-range frequencies. Allows
frequencies between 300Hz-8000Hz to pass through.

¢ Highpass Filter: Removes bass frequencies to simulate poor bass response. Cuts frequencies below 500Hz.

« Lowpass Filter: Removes high frequencies to simulate muf ed audio. Cuts frequencies above 5000Hz.

« Speed:Simulates playback speed variations. Changes speed by random factor 0.8-1.2.

« Resample:Robustness to sample rate conversion. Upsamples to 32kHz, then downsamples back to the original rate.

« Boost Audio: Simulates volume increase. Ampli es by factor 1.2.

¢ Duck Audio: Simulates volume decrease. Reduces volume by a factor of 0.8.

« Echo: Simulates room acoustics and reverberation. Adds delayed copy with 0.1-0.5s delay and 0.1-0.5 volume.

¢ Pink Noise: Adds realistic environmental noise. Adds pink noise with std 0.01.

* White Noise: Adds Gaussian noise with standard deviation 0.001.

* Smooth: Simulates low-quality audio processing. Moving average Iter with window size 2-10.

¢ AAC: Robustness to common lossy compression. AAC encoding at 128kbps.

¢ MP3: Robustness to common lossy compression. MP3 encoding at 128kbps.

« EnCodec: Tests neural audio codec compression. Resamples to 24kHz, encodes with 16 stcparti§ ), resamples
to 16kHz.

» Crop: Robustness to audio truncation, padding, and in-batch audio mixing. While San Roman et al. (2024) uses this to
obtain a localization mask, we implement crop as one of the edits to gain cropping-based robustness. Speci cally, we
rst randomly seleck starting points, then modify =2k consecutive samples in one of four ways:

— Revert to original audio (40% probability)

— Replace with zeros (20% probability)

— Substitute with different audio from the same batch (20% probability)
— Leave unmodi ed (20% probability)

A.2. Dataset Details

We utilize a mixed dataset dfLO0hours in total for training, which contains 100.59-hour LibriSpeech (Panayotov et al.,
2015), 98.53-hour AudioSet (Gemmeke et al., 2017), 879.29-hour Free Music Archive (Defferrard et al., 2016), 9-hour
MusicCaps (Agostinelli et al., 2023), and 3,016.43-hour VoxPopuli (Wang et al., 2021). Each dataset is described as follows:

LibriSpeech. LibriSpeech (Panayotov et al., 2015) is an English speech dataset derived from audiobooks in the LibriVox
project. The dataset contains approximately 1000 hours of read English speech sampled at 16 kHz, with careful segmentation
and alignment. The audio is paired with transcribed text, making it suitable for speech recognition tasks. We used a
100.59-hour subset of the full 2000-hour dataset for training.

AudioSet. AudioSet (Gemmeke et al., 2017) is a large-scale dataset containing 2,084,320 human-labeled 10-second sound
clips drawn from YouTube videos. It consists of 632 audio event classes organized in a hierarchical ontology, covering a
wide range of sounds, including human and animal sounds, musical instruments, genres, and common environmental sounds.
The dataset contains approximately 5,790 hours of annotated audio. For our experiments, we used a 98.53-hour randomly
sampled subset of the full dataset for training.
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Free Music Archive. FMA (Defferrard et al., 2016) is a large-scale, open-source dataset of music tracks with clear licensing.
We used the “large” subset containing 879.29 hours of audio data with 106,574 30-second tracks sampled at 44.1kHz.
The dataset spans multiple genres, including Rock, Electronic, Experimental, Hip-Hop, Folk, and Instrumental, making it
suitable for training robust watermarking models across diverse musical styles.

MusicCaps. MusicCaps (Agostinelli et al., 2023) is a dataset of 5.5k music-text pairs (9.47 hours total), with high-quality
human-written captions describing musical attributes like genre, mood, instruments, and tempo. The dataset was created by
having music experts write detailed captions for a subset of 5.5k music clips from AudioSet, with each caption carefully
describing the musical content, instrumentation, style, and other sonic characteristics. We used a subset of 9 hours for
training.

VoxPopuli. VoxPopuli (Wang et al., 2021) is a large-scale multilingual speech corpus collected from European Parliament
event recordings between 2009-2020. It contains approximately 400K hours of unlabeled speech data across 23 languages,
1.8K hours of transcribed speech for 16 languages, and 17.3K hours of speech-to-speech interpretation data. For English
speci cally, it provides 24.1K hours of unlabeled speech data and 543 hours of transcribed speech from 1,313 speakers.
The dataset has been widely used for representation learning, semi-supervised learning, and interpretation tasks. We used a
3,016.43-hour subset that covers balanced speech from 23 languages for training.

B. Discussion on Limitations

While our method demonstrates strong performance across various standard audio transformations, several limitations and
opportunities for improvement remain. First, although we achieve robust performance against most common audio edits, our
attribution accuracy degrades signi cantly for challenging operations like speed changes and generative editing. Speci cally,
as shown in Table {ATTNMARK achieves only 4% average attribution accuracy for speed changes across different user
setups, though this still represents an improvement over existing baselines, which fail completely. To enhance robustness
against speed variations, one promising direction is to incorporate a temporal adjustment layer similar to Westerfeld (2020),
which performs black-box optimization to identify and reverse speed changes. We present preliminary work in this direction

in App. C.3.1. Additionally, the current solution's attribution robustness against Al-based editing remains an area requiring
further improvement.

C. More Results
C.1. Subjective Evaluation with MUSHRA

The MUSHRA protocol is a crowdsourced test in which participants rate the quality of various samples on a scale of 0
to 100. The ground truth is provided for reference. We utilized eight randomly sampled speech and music samples from
different sources, each lasting 5 seconds. As part of the study, we included a low anchor, which is a low-pass- Itered version
at 3.5kHz. Each sample was evaluated by 16 participants, with a post-hoc ltering process to exclude participants who failed
to correctly identify more than two hidden reference samples in their scoring, resulting in 12 valid participants at the end.
For comparison, the ground truth samples received an average score of @fpurnie the low anchor's average score was
around25. As shown in Figure 7, our method achieved a score of approximately 91, closely matching AudioSeal. Among
all the methods, AudiowMark is the one that achieves the highest score at &buMvMark received a slightly lower

score of 88, while TimbreWM scored the lowest, aro@dThese results demonstrate that our watermarking approach
maintains a perceptual quality that is competitive with state-of-the-art methods.

C.2. Analysis on the Training Dynamics of Models with Different Architectures

We analyze the training dynamics of different architectures under a controlled experimental setup to better understand
their inherent learning capabilities. To isolate architectural effects, we remove most auxiliary losses, retaining only the

adversarial loss (weight=1) for all methods. Additionally, we include a waveform-domadass (weight=1) for AudioSeal

and our method, as we observed it improves the learning ef ciency. Figure 8 illustrates the validation accuracy trajectories

and quality for both watermark detection and message-bit decoding during training. The results reveal distinct learning
characteristics that highlight the trade-offs between different architectural choices.

WavMark's fully-shared architecture exhibits remarkably rapid initial learning, converging to high accuracy within just a
few hundred steps. However, this early success is followed by a concerning degradation in detection accuracy as training
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Figure 7.MUSHRA subjective listening test results comparing perceptual quality across different watermarking methods. Higher scores
indicate better audio quality as rated by human listeners. Our method achieves quality scores comparable to AudioSeal.

progresses. This pattern suggests that while full parameter sharing enables quick initial learning, it may lead to destructive
interference between the detection and the decoding tasks during extended training.

AudioSeal’s fully-disjoint architecture in general shows slow convergence in both detection and message-bit decoding. After
training for 30k steps, it quickly converges to 99% detection accuracy but the learning of message-bit decoding progresses
slowly, achieving around 70% message bit accuracy at the end of 50k training steps. Moreover, the perceptual quality of
AudioSeal is also degraded more than WAIM ARK and WavMark.

Compared to these, our blended architecture demonstrates steady and comprehensive learning - both detection and decoding
accuracies improve gradually, ultimately achieving near-perfect performance only with about 19k training steps. Notably,
with only 2k training stepsXATTNMARK can converge to 99% detection accuracy. This great boost in learning ef ciency
suggests that our partial parameter-sharing strategy and cross-attention mechanism enable more ef cient learning of both
tasks.

Figure 8.Validation accuracy and quality curve of different methods over training steps. Using a blended archite&tumeM ARK is
able to achieve a better balance in terms of learning ef ciency in detection, and message-bit decoding and watermark imperceptibility.
Compared to our method, WavMark, the fully-shared architecture, suffers from robustness degradation in detection as the training
progresses; the fully-disjoint architecture, AudioSeal, suffers from training ef ciency issues in learning message-bit decoding.

C.3. Robustness to Standard Edits

We present the full results summarizing detection and attribution robustness against standard edits in Tables 6 and 7. For
detection, our method achieves consistently high performance across all transformations, with an average accuracy of
99.19% and AUC of 99.93%, signi cantly outperforming all baselines. Even for challenging transformations like speed
changes and neural codec compression (EnCodec) where other methods mostly fail (accuracy around 50-60%), our approach
maintains exceptional detection performance with accuracies of 99.5% and 96.5%, respectively.

For attribution, the results in Table 7 show that our method maintains high attribution accuracy (92-94% average) across
different user pool numbers (and associated messages), demonstrating strong scalability. The performance is particularly
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robust for most standard audio transformations like bandpass ltering, boost/duck, echo, and noise addition, achieving near
100% attribution accuracy. While speed changes remain challenging, our method still achieves better performance than
baselines which completely fail. This indicates that while our method handles most common audio edits exceptionally
well, speed changes continue to be a challenging transformation for reliable attribution. We also explore a potential simple
extension of speed reversion to further boost the performance in App. C.3.1.

Our approach shows particularly strong robustness against modern audio codecs - maintaining near-perfect attribution
accuracy for both MP3 and AAC compression (98-100%), while baselines like AudioSeal struggle signi cantly with these
transformations (showing accuracies below 60%). This demonstrates our method's effectiveness against state-of-the-art
audio compression techniques that are increasingly common in real-world applications. Additionally, our method shows
outstanding robustness to cropping operations, maintaining 100% attribution accuracy, while AudioSeal struggles in this
task (12% accuracy).

To further clarify our attribution evaluation, particularly regarding the metrics used, we also report the False Attribution Rate
(FAR) and compare different de nitions of attribution accuracy, aligning with methodologies in AudioSeal (San Roman et al.,
2024). In our work, attribution accuracy is de nedtag fraction of correctly attributed samples among those successfully
detected as watermarke@his metric is equivalent t@  FAR (False Attribution Rate, as reported in AudioSeal). We
adopt this de nition because it allows for a decoupled analysis of pure attribution performance from the initial detection
performance. In AudioSeal, the attribution accuracy is de nethadraction of correctly attributed samples among all
sampleswhich couples the performance of both detection and attribution. We present the results on both the MusicCaps
and VoxPopuli datasets in Table 5, illustrating performance under these speci ¢ metrics. The results suggest that in the
speech domain, when the user pool size is relatively small, AudioSeal is slightly bette¢tAltamM ARK, and in all the

other setups, XATNMARK consistently outperforms AudioSeal and WavMark.

Table 5.Attribution results over edits on MusicCaps (our main setup) and VoxPopuli (align with AudioSeal's setup in San Roman et al.
(2024)). We report the false attribution rate (FAR) and two attribution accuracy metrics (Att. and Det.+Att.). The key difference between
our de nition of attribution accuracy and AudioSeal's is that we isolate the attribution performance from the detection performance. The
best score is itold, and the runner-up is underlined

Dataset Metric Method N=10 N=100 N=1000 N=10000
WavMark  14.67 1492  15.18 16.07
FAR (%) # AudioSeal 18.77 2576  36.63 30.53
XAttnMark  6.40  6.13 6.44 6.56
MusicC WavMark  85.33 85.08 84.82  83.93
usIcLaps  acc. (att) 6" AudioSeal 81.23 74.24  63.37 69.47

XAttnMark  93.60 93.87 93.56 93.44

WavMark 79.69 80.56 79.94 79.06
Acc. (Det+Att) (%) AudioSeal 80.81 73.56 62.69 68.75
XAttnMark 90.50 87.19 90.75 91.81

WavMark 1311 13.21 13.96 15.00

FAR (%) # AudioSeal 3.71 12.86 1891  16.31
XAttnMark  5.03  6.01 6.25 7.70

VoxPooul WavMark  86.89 86.79  86.04 85.00
OXFOPUll  Acc. (att) @) " AudioSeal 96.29 87.14  81.09 83.69

XAttnMark  94.97 93.99 93.75 92.30

WavMark 78.69 78.34 78.06 76.88
Acc. (Det+Att) %)"  AudioSeal 89.50 86.60  79.83 83.45
XAttnMark  92.45  92.69 92.49 91.08

C.3.1. SMPLE SPEEDREVERSIONLAYER WITH BLACK-BOX GRID SEARCH

We explore a post-hoc simple speed reversion layer with a black-box grid search to further boost the robustness against
speed changes. The speed reversion layer is added on top of the watermarking model. The main idea is to reverse the speed
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Figure 9.Detection and Attribution Accuracy of our method on augmented samples across different augmentation strengths.
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Table 6.The full detection resultsof XATTNMARK across different standard audio edits on the MusicCaps dataset. Acc. (TPR/FPR) is
the accuracy (and TPR/FPR) obtained for the optimal threshold from Youden's Index (Youden, 1950) on a balanced validation set.

AudiowMark WavMark TimbreWM AudioSeal XA TTNMARK

Edit ACC. (TPRIFPR) AUC AcC. (TPRIFPR) AUC ACC. (TPRIFPR) AUC ACC. (TPRIFPR) AUC AcC. (TPRIFPR) AUC
Identity 1.00 ¢.00/0.09 1.00 1.00 (.00/0.09 1.00 0.995 (99/0.00 1.00 1.00 .99/0.09 1.00 0.995 (99/0.0) 1.00
Bandpass 1.00.00/0.09 1.00 1.00 {.00/0.09 1.00 0.985 (97/0.09 1.00 1.00 (.99/0.09 1.00 0.995 ((99/0.09 1.00
Boost 1.00 (.00/0.09) 1.00 1.00 (.00/0.0) 1.00 0.98 (.96/0.09 0.9998 1.00(99/0.09 1.00 0.995 ((99/0.09 1.00
Duck 1.00 (.00/0.09 1.00 0.995 (99/0.0) 0.995  0.97 (94/0.0) 0.9999  1.00¢99/0.0) 1.00 0.995 (99/0.09 1.00
Echo 1.00 (.00/0.09 1.00 1.00 (.00/0.09 1.00 0.945 (89/0.09 0.9965 1.00¢(99/0.09 1.00 0.995 (99/0.09 1.00
Highpass 1.001(00/0.09 1.00 0.95 ¢.90/0.09 0.95 0.985 (97/0.09 1.00 1.00 (.99/0.09 1.00 0.995 (99/0.09 1.00
Lowpass 1.001(00/0.09 1.00 1.00 {.00/0.09 1.00 0.985 (97/0.09 0.9986  1.00¢99/0.0) 1.00 0.995 (99/0.09 1.00
MP3 0.94 (.88/0.0) 0.94 0.805 (61/0.09 0.805  0.95(91/0.0) 0.9971 1.00(99/0.09 1.00 0.995 ((99/0.09 1.00
Pink Noise 1.001(00/0.09 1.00 1.00 (.00/0.09 1.00 0.995 (99/0.09 1.00 1.00 .99/0.09 1.00 0.995 ((99/0.09 1.00
White Noise 1.001(00/0.09 1.00 1.00 (.00/0.09 1.00 0.975(95/0.09 0.9999  1.00¢(99/0.09 1.00 0.995 (99/0.09 1.00
Smooth 1.001(00/0.09 1.00 0.96 (.92/0.09) 0.96 0.98 (.96/0.0) 0.9976  1.00¢99/0.0) 1.00 0.995 (99/0.09 1.00
Speed 0.500(00/0.09) 0.50 0.50 .00/0.09 0.50 0.515¢07/0.0) 0.4812 0.61(36/0.1) 0.61 0.995 ((99/0.09) 1.00
Resample 1.00:(0/0.09 1.00 1.00 (.00/0.09 1.00 0.98 (.96/0.09 1.00 1.00 .99/0.0) 1.00 0.995 ((99/0.09 1.00
AAC 1.00 (.00/0.09 1.00 1.00 (.00/0.09 1.00 0.975 (95/0.09 0.9999  1.00¢(99/0.09 1.00 0.995 ((99/0.09 1.00
EnCodec (nq=16) 0.50 (0/0.0) 0.50 0.805 ((61/0.09 0.805  0.625¢(500.29 0.7092  1.00¢99/0.0) 1.00 0.965 (93/0.0) 0.991
Crop 0.965 (.93/0.09 0.965  0.995((29/0.0) 0.995  0.96(92/0.0) 0.9918  1.00¢99/0.0) 1.00 0.975 (98/0.0) 0.997
Average 0.9294 (.85880.0) 0.9294 0.91810(s3630.0) 0.9181 0.925(sess0.018p 0.9482 0.97060(950.0) 0.9757  0.99190(9s56/0.001) 0.9993

Table 7.The full attribution results for all methods, and associated overall average performance, across all transformations on the
MusicCaps dataset.

T | AudiowMark | WavMark | TimbreWM | AudioSeal | XATTNM ARK
ansformation
‘ N=100 1000 10000 Avg ‘ 100 1000 10000 Avg ‘ 100 1000 10000 Avg ‘ 100 1000 10000 Avg ‘ 100 1000 10000 Avg

Identity 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 0.96 0.93 0.86 0.93 0.75 0.50 050 0.69 1.00 1.00 1.00 1.00
EnCodec 0.00 0.00 0.00 0.0Q 0.00 0.00 0.00 0.0Q 0.03 0.00 0.00 0.07 0.50 0.00 0.00 0.31 1.00 0.99 099 0.99
AAC 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 0.94 0.90 0.85 0.90 0.50 0.00 0.00 0.12 0.99 0.96 0.69 0.88
Bandpass 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 0.92 0.92 0.89 0.93 050 0.25 0.00 0.310.99 0.99 099 0.99
Boost 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 0.91 0.91 0.87 0.91 0.25 0.50 0.25 0.50 1.00 1.00 1.00 1.00
Duck 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 0.93 0.85 0.84 0.89 0.50 0.50 0.25 0.56 1.00 1.00 1.00 1.00
Echo 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 0.92 0.92 0.87 0.910.25 0.25 0.25 0.38 1.00 0.98 1.00 0.99
Highpass 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 0.96 0.92 0.87 0.93 0.50 0.25 0.00 0.31 1.00 1.00 1.00 1.00
Lowpass 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 0.93 0.86 0.85 0.90 0.50 0.50 0.50 0.56 1.00 1.00 1.00 1.00
MP3 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 0.85 0.85 0.86 0.86 0.50 0.50 0.00 0.3 1.00 1.00 1.00 1.00
Pink Noise 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 093 0.91 0.87 0.92 0.75 0.75 0.75 0.7 1.00 1.00 1.00 1.00
White Noise 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 0.88 0.89 0.87 0.90 0.50 0.75 050 0.5 1.00 1.00 1.00 1.00
Smooth 1.00 1.00 1.00 1.00 1.00 1.00 0.75 0.8 0.75 0.86 0.69 0.80 0.00 0.25 0.25 0.19 1.00 1.00 099 1.00
Speed 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.20 0.04 0.19 0.18 0.00 0.00 0.00 0.00 0.00 0.00 0.08 0.03
Resample 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 0.93 0.92 0.87 0.92 0.75 0.25 0.25 0.56 1.00 1.00 1.00 1.00
Crop 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 0.93 0.76 0.80 0.83 0.00 0.00 0.00 0.12 1.00 0.99 1.00 1.00
Avg ‘ 0.88 0.88 0.88 0.83 0.88 0.88 0.86 O.SZ 0.81 0.78 0.75 O.SQ 0.42 0.33 0.22 0.39 094 0.93 092 0.93

change by searching for the optimal speed factor with the guidance of the watermarking model. We observe that on the
unwatermarked audio, changing the speed can not adversarially increase the detection accuracy, while on the watermarked
audio, speed changing will signi cantly affect the watermark message decoding pattern. We observe that the watermarking
model predicts more stable message bits for each 1-second chunk when the speed remains unchanged. However, after
applying a speed change, the model predicts more diverse message bits with lower con dence for each chunk. To leverage
this insight, given the original speed change sdag ; max ] and the subsequent search sp{aﬁg; %] we design the

score functiorr () as the average of the watermarking model's mean detection score over (f:@cip(:h)u&nd the average

standard deviation of the predicted messagesjts). Formally, this is expressed a6 ) = % iL:l i )+ smi (),

whereL is the number of chunks, is the speed factop; ( ) is the detection score for chunkands,; ( ) is the average

standard deviation of the predicted message bits for churilhen we conduct a two-round linear grid search to nd

the optimal speed factor that maximizes the score functiof ), with rst-round step sizeS; and second-round step

sizeS,. The speed change parametg, and .« are setto 0.8 and 1.25, respectively. We conduct experiments on

both watermarked and unwatermarked audio to investigate whether speed reversion might cause false positives. For the
watermarked case, we report the attribution success rate/detection time, and for the unwatermarked case, we report the FPR.
As shown by the results in Table 8, with a more ne-grained search space, the speed reversion layer can further improve
the robustness against speed changes while maintaining the overall detection ef ciency. Meanwhile, for unwatermarked
audio, applying the speed reversion layer does not falsely increase the probability of being classi ed as watermarked by the
detection model.
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Table 8.Comparison of speed reversion layer performance. We report both the attribution success rate and the average detection time
(in seconds) for different user pool sizds The speed reversion layer signi cantly improves robustness against speed changes while
maintaining ef cient detection time.

#User \ w/o Search |  w/Search@; =0:1;S,=0:01) | w/Search =0:01S; =0:001)

| Success Rate Det. Time (s) Success Rate Det. Time (s) FPR Success Rate Det. Time (s) FPR
N =2 0.391 0.005 0.537 0.220 0.01 1.000 0.653 0.00
N =10 0.069 0.006 0.237 0.229 0.00 1.000 0.583 0.01
N =100 0.222 0.006 0.612 0.230 0.00 0.990 0.545 0.00
N =1000 0.000 0.007 0.163 0.230 0.00 1.000 0.497 0.00

C.4. Robustness to Generative Edits

We use the DDIM-inversion-based editing approach of ZETA (Text-Based Audio Editing) introduced in Manor & Michaeli
(2024) to manipulate the audio with text prompts. We brie y summarize the ZETA editing process in the next section. For
more details on this editing process, please refer to Manor & Michaeli (2024).

ZETA_ Given tha original signhak (waveform or latent space), this approach rst conduct guided forward process

Xt = Xot+ 1 te; t=1;:::;T, where . is the cumulative variance schedule, ands the independent
Gaussian noise. Then a sequence of noise vectors that capture the main characteristics of the source audio is extracted
usingz; = (Xt 1 t(Xt))=1¢; t=T;:::;1, where () is adenoising neural network trained to predict the mean

component of the noise added at titnéNote that a source prompt,. can also be used at the conditioning layer of the
denoising neural network to guide the forward diffusion process. During the editing process, given a targepgrampbt

a noisy statext, a guided diffusion backward process is conductedkyia = ¢ (x¢)+ z¢;t = T;:::;1, where the
noise vector sequenee are the ones extracted from the previous forward process. The target pigimpembedded and
applied on the cross-attention part that affects the editing trajectory.

We present the full results of robustness against generative edits in Table 9, where we evaluate our method against two state-
of-the-art audio generation models: Stable Audio (Evans et al., 2024) and AudioLDM2 (Liu et al., 2024b). Different forward
diffusion stepsl are used to create varying strengths of audio manipulation, ranging from 10 to 110. The sourcepgrompt

is set to “A recording of music”, and the target prormgt is set to “A recording oEDM musicwith strong rhythm. We

follow the default settings in the original paper for other hyperparameters.

For Stable Audio, our method achieves consistently high accuracy (0.81-0.94) and AUC scores (0.89-0.99) across different
T values. In contrast, AudioSeal shows more variable performance: while it achieves decent accuracy (0.69-0.78) for lower
T values (10-30), its performance degrades signi cantlif ascreases, with accuracy dropping to around 0.59 and AUC
falling to around 0.50-0.53 for highdr values. For AudioLDM2, our approach maintains strong performance with an
accuracy of around 0.94 and an AUC above 0.93 across all diffusion steps. AudioSeal again struggles wiih vades,

showing consistent accuracy around 0.59 but poor AUC scores (0.33-0.53).

Furthermore, we also compare against Timbre Watermark (Liu et al., 2023a), a frequency-based watermarking method that
has demonstrated state-of-the-art robustness against voice cloning training pipelines. While this approach could potentially
handle generative edits, which also modify audio signi cantly, our experiments show that it performs poorly on this task. As
shown in Table 9, Timbre Watermark achieves only random-guess level performance (accuracy around 0.50) for both Stable
Audio and AudioLDM2 across differerit values, signi cantly underperforming both AudioSeal and our method.

C.5. Generalization Across Standard Editing with Different Strengths

We present the generalization ¥ATTNMARK against transformations of different strengths in Figure 9. Our method
demonstrates remarkable robustness across a wide spectrum of audio transformations with varying intenkiseg. For
compression operationsEnCodec shows detection accuracy of 69.5-95.0% and attribution rates of 70.0-100% depending
on bitrate. AAC maintains strong detection (97.5%) across all bitrates with attribution ranging from 53.0-98.0%. MP3
compression achieves consistent detection (97.5%) and perfect attribution (100%) across all bitrates.

For frequency-domain operations our watermark remains highly effective. When Itering out low frequencies (highpass
Itering), we maintain excellent performance with 99.0-99.5% detection accuracy and 99.0-100% attribution accuracy, even
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Table 9.We demonstrate that our watermarking approach can generalize better to the unseen, challenging generative edits setting.
Detection Resultsfor two generative edits applied with different forwardteps.

AudioSeal TimbreWatermark XATTNMARK
ACC. (TPRIFPR) AUC ACC. (TPRIFPR) AUC AcCC. (TPRIFPR) AUC

10 0.68750.62510.25) 0.7227  0.468&.8125/0.875) 0.4219 0.937%.9375/0.0625) 0.9883
30 0.78130s75/0.3125) 0.8125 0.40630.5625/0.75) 0.3789 0.812%0.75/0.125) 0.8906
50 0.59380.875/0.75) 0.3398  0.4688.0625/0.125) 0.4863  0.9063.875/0.0625) 0.9688
70 0.59380.75/05625) 0.5313  0.5313.1875/0.125) 0.5547  0.90630.875/0.0625) 0.9648
90 0.59380.875/0.6875) 0.5469  0.500(0.5000/0.5000) 0.5996  0.9063.875/0.0625) 0.9688
110 0.59380.9375/0.75) 0.5039 0.5313.5625/0.5000) 0.5488  0.9063.875/0.0625) 0.9570

Editing Model T

Stable Audio

10 0.59380.9375/0.75) 0.5273 0.5313.8125/0.75) 0.4961 0.937%0.9375/0.0625) 0.9492
30 0.59380.9375/0.75)  0.3945 0.437%.0/0.125) 0.4570 0.937%.9375/0.0625) 0.9414
50 0.56(0.88/0.75) 0.34 0.53130.5625/0.50000 0.5645  0.9063.875/0.0625) 0.9336
70 0.59380.9375/0.75)  0.3477 0.500@.125/0.125) 0.5703 0.937%0.9375/0.0625) 0.9453
90 0.59380.9375/0.75)  0.3945  0.500@.5000/0.5000) 0.5723 0.937%0.9375/0.0625) 0.9414
110 0.59380.9375/0.75) 0.3359 0.500®.00.00 0.5137 0.937%0.9375/0.0625) 0.9414

AudioLDM2-Music

as we vary the cutoff frequency from 500Hz to 4000Hz. Similarly, when Itering out high frequencies (lowpass ltering
with cutoffs between 500-2500Hz), we achieve 97.5% detection accuracy while maintaining 100% attribution accuracy. For
volume changes, our method handles both increases and reductions well - maintaining 97.5% detection and 100% attribution
for volume boosts up to 90%, and only showing slight degradation (85.0% detection) when reducing volume to 10% of
original while still maintaining 100% attribution.

For additive noise both Gaussian and pink noise maintain 97.5% detection accuracy up to 0.1 standard deviations, though
attribution degrades from 100% at low noise level®({1) to 0% at high intensities 0.5). Speed changeschieve
94.5-97.5% detection but, as expected, only maintain attribution at normal speed (1.0€sdfopling operationsacross
frequencies from 16kHz to 1024kHz, detection remains strong (97.5%) with perfect attribution (100%). Echo effects across
different delay times (0.1-0.5) consistently achieve 97.5% detection and 100% attribution, demonstrating the watermark'’s
comprehensive resilience to common audio transformations.

C.6. Generalization Across Different Datasets

To study howXATTNMARK generalizes across different domains and datasets, we conduct in-distribution and out-of-
distribution tests on multiple audio datasets. We randomly sample 100 audio clips with a 5s duration from each dataset. The
user sizeN is set to 1000.

For in-distribution evaluation (Table 10), we test on FMA-Large (music), LibriSpeech (speech), VoxPopuli-10K (speech),
and AudioSet (general audio). Our method achieves consistently high detection accuracy (96-99%) and attribution accuracy
(87-93%) across all datasets and editing operations. The only exception is speed change, where attribution fails as expected
since it fundamentally alters the temporal structure that watermarks rely on. We also observe slightly lower performance on
EnCodec compression for FMA-Large and AudioSet, where detection accuracy drops to 72-81% and attribution accuracy to
70-97%, re ecting the challenge of handling highly compressed audio. Notably, the average detection accuracy across all
datasets remains strong at 96-99%, with attribution accuracy ranging from 87-93%.

For out-of-distribution generalization (Table 11), we evaluate on four unseen datasets: AudioMarkBench (Liu et al., 2024a)
(which is the speech subset from Common Voice (Ardila et al., 2020)), ASVspoof (speech) (Liu et al., 2023b), MusicGen (Al-
generated music) (Copet et al., 2024), and MUSDB18 (music) (Ra i et al., 2017). Our method maintains robust performance
on these challenging OOD datasets, with detection accuracy ranging from 93-99% and attribution accuracy from 86-94%.
The speech datasets (AudioMarkBench and ASVspoof) show slightly lower but still strong detection rates of 93-97%, while
music datasets (MusicGen and MUSDB18) achieve near-perfect detection at 98-99%. Attribution performance remains
consistently high across all OOD datasets, except for speed changes, which consistently fail as expected. Notably, the
average attribution accuracy for OOD datasets ranges from 86-94%, demonstrating the robustness of our watermarking
approach across diverse audio domains.

These results highlight the strong generalization capabilities of our method, both in-distribution and out-of-distribution. The
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Figure 10.The detection and attribution accuracyATTNM ARK across different audio duration and watermark strengih MusicCaps.
The performance is averaged over all the standard audio editing. The attribution pool size fsl8€ 1®00 10000g.

consistent performance across datasets and editing operations, with only expected failures (e.g., speed changes and extreme
compression), underscores the practical applicability of our watermarking system in real-world scenarios where diverse
audio content and editing operations are encountered.

C.7. Performance across the different audio duration and watermark strength

To investigate the performance of our method across different audio durations and watermark streveytonduct
experiments with audio duration ranging from 1s to 10s and watermark stremgtiging from 0.0 to 1.5. As shown in
Figure 10, we analyze the impact of these parameters on detection and attribution accuracy.

For duration analysis, we observe that the detection accuracy remains robust (98.6—99.3%) across all tested durations from
1-10s, demonstrating our method's effectiveness even with short audio clips. Attribution accuracy shows greater sensitivity,
improving from 81.2% at 1s to a peak of 93.0% at 5s, then stabilizing at 91.5-92.6% for longer durations. This suggests 5s
segments provide the optimal trade-off between practical usability and attribution performance, though reliable detection
(> 98:5%) is achievable with clips as short as 1s.

For watermark strength analysis, we observe three distinct operational regimes: i) weak watermark8) ii) moderate
watermarks @:4 0:7), and iii) strong watermarks ( 0:8); achieve asymptotic performance with detect:d®8.3%
and attributior> 92.3%, showing diminishing returns beyond:= 1:0.

Our default = 1:0 con guration achieves 98.5% detection and 92.7% attribution accuracy. While higledues (up

to 1.5) marginally improve detection to 98.9%, attribution plateaus at 93.1-93.2%, suggesting an upper bound for useful
watermark strength. Notably, the complete absence of watermarkird)() yields chance-level detection (55.7%) and zero
attribution capability, con rming the system's dependence on the embedded signal.

C.8. Watermark Residual Visualization

To better understand the characteristics of different watermarking methods, we visualize the watermark residuals in Figure
11. The visualization includes waveform, spectrogram, and mel-spectrogram representations for the original audio and
four watermarking approacheXATTNMARK, AudioSeal, WavMark, and AudiowMark). Our analysis reveals several

key insights: (1) Our method introduces watermarks with the lowest energy, making them less perceptible in both time
and frequency domains. (2) The spectral patterns of our watermarks appear more stealthy and natural compared to other
methods. (3) Unlike WavMark, which shows discrete interruptions, our watermarking pattern exhibits better continuity,
contributing to enhanced robustness against audio transformations while preserving imperceptibility.

C.9. Visualization of TF-weighted Penalty Distribution.

Comparison with TF-loudness loss in AudioSealAudioSeal adopts a coarse approach to implement auditory masking,
using a naive loudness difference between the noise and the original audio. The main idea is that high loudness regions
should mask lower loudness regions in the watermark residual. A positive penalty is assigned when the residual loudness is
higher than that of the original audio for each tile.

Speci cally, the waveform is directly divided intB W regions, where each region shares the same weighting term. Here,
B represents the number of frequency bands for splitting Veindienotes the number of time tiles. The loudness difference
between the watermark residual and the original waveform is then computfd=ad oudnesé |/) Loudneséxy'),
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Table 10.The performance of detection and attribution of our method on different in-distribution datasets over different editing operations.

Dataset FMA-Large LibriSpeech VoxPopuli-10K AudioSet

Edit Det. (TPRIFPR) Att. Det. (TPRIFPR) Att. Det. (TPRIFPR) Att. Det. (TPRIFPR) Att.
Identity 0.9950.990/0.000) 1.000 0.9950.990/0.0000 1.000 0.9970.994/0.000) 1.000 0.99Q0.980/0.000) 0.970
Bandpass 0.995.990/0.000) 0.980 0.9950.990/0.000) 1.000 0.9970.994/0.000) 1.000 0.9950.990/0.000) 0.990
Boost 0.9950.990/0.000) 0.990 0.9950.920/0.000) 1.000 0.9970.994/0.000) 1.000 0.9850.980/0.010) 0.970
Duck 0.99500.990/0.000) 1.000 0.9950.990/0.000) 1.000 0.9970.994/0.000) 1.000 0.9950.990/0.000) 0.980
Echo 0.9900.980/0.000) 1.000 0.9950.990/0.000) 1.000 0.9970.994/0.000) 1.000 0.9850.970/0.000) 0.960
Highpass 0.99%.990/0.000) 0.990 0.9950.990/0.0000 1.000 0.9970.994/0.000) 1.000 0.9950.990/0.000) 1.000
Lowpass 0.96%0.950/0.020) 1.000 0.9950.990/0.000) 1.000 0.9940.994/0.006) 1.000 0.9550.950/0.040) 0.969
MP3 0.9750.970/0.020) 0.990 0.9950.990/0.000) 1.000 0.9940.994/0.006) 1.000 0.9550.960/0.050) 0.947
Pink Noise 0.995%0.990/0.000) 0.990 0.9950.990/0.000) 0.920 0.9970.994/0.000) 0.918 0.9950.990/0.000) 0.940
White Noise 0.99%0.990/0.000) 1.000 0.9950.990/0.000) 1.000 0.9970.994/0.000) 1.000 0.9950.990/0.000) 0.980
Smooth 0.99M.980/0.000) 1.000 0.9950.990/0.000) 1.000 0.9970.994/0.000) 1.000 0.9850.990/0.020) 0.927
Speed 0.90%.830/0.0200 0.000 0.9950.990/0.0000 0.000 0.9940.994/0.006) 0.000 0.9350.920/0.050) 0.000
Resample 0.970.960/0.020) 1.000 0.9950.990/0.000) 1.000 0.9940.987/0.000) 1.000 0.96Q0.940/0.020) 0.949
AAC 0.990(0.980/0.000) 0.960 0.9950.990/0.000) 1.000 0.9970.994/0.000) 1.000 0.98Q0.980/0.020) 0.950
EnCodec (ng=16) 0.720.460/0.020) 0.970 0.81Q0.730/0.110) 0.000 0.9560.943/0.031) 1.000 0.7350.620/0.150) 0.706
Crop 0.9950.990/0.000) 0.947 0.9950.990/0.000) 1.000 0.9970.994/0.000) 0.992 0.9950.990/0.000) 0.964
Average 0.967(0.939/0.006) 0.926 0.9830.974/0.007) 0.870 0.9940.990/0.003) 0.932 0.9650.952/0.023) 0.888

Table 11.The performance of detection and attribution of our method on different out-of-distribution datasets (unseen in training) over

different editing operations.

Dataset AudioMarkBench ASVspoof MusicGen MUSDB18

Edit Det. (TPRIFPR) Att. Det. (TPRIFPR) Att. Det. (TPRIFPR) Att. Det. (TPRIFPR) Att.
Identity 0.9380.875/0.000) 1.000 0.9670.933/0.000) 1.000 0.9950.990/0.000) 0.917 0.9960.991/0.000) 1.000
Bandpass 0.938.875/0.0000 1.000 0.9670.933/0.000) 1.000 0.9950.990/0.000) 1.000 0.9960.991/0.000) 1.000
Boost 0.9380.875/0.0000 1.000 0.9670.933/0.000) 1.000 0.99Q0.979/0.000) 0.969 0.9960.991/0.000) 1.000
Duck 0.9380.875/0.000) 1.000 0.9670.933/0.0000 1.000 0.99Q0.979/0.000) 0.969 0.9960.991/0.000) 1.000
Echo 0.9380.875/0.0000 1.000 0.9670.933/0.0000 1.000 0.9840.979/0.010) 0.938 0.9960.991/0.000) 1.000
Highpass 0.938.875/0.0000 1.000 0.9670.933/0.0000 1.000 0.9950.990/0.000) 1.000 0.9960.991/0.000) 1.000
Lowpass 0.93&.875/0.0000 1.000 0.9670.933/0.0000 0.933 0.9690.979/0.042) 0.926 0.99%0.991/0.009) 1.000
MP3 0.9380.875/0.000) 1.000 0.9330.867/0.000) 0.867 0.9690.969/0.031) 0.926 0.99%0.983/0.000) 1.000
Pink Noise 0.93&.875/0.000) 1.000 0.9670.933/0.000) 1.000 0.99QG0.979/0.000) 0.979 0.9960.991/0.000) 1.000
White Noise 0.938&0.875/0.000) 1.000 0.9670.933/0.000) 1.000 0.99Q0.979/0.000) 0.896 0.9960.991/0.000) 1.000
Smooth 0.9380.875/0.0000 1.000 0.9670.933/0.000) 0.867 0.9740.979/0.031) 0.895 0.9960.991/0.000) 1.000
Speed 0.938.875/0.0000 0.000 0.9670.933/0.0000 0.000 0.91%0.896/0.073) 0.000 0.9870.983/0.009) 0.000
Resample 0.938.875/0.0000 1.000 0.9670.933/0.000) 0.867 0.9740.979/0.031) 0.860 0.99%0.991/0.009) 1.000
AAC 0.938(0.875/0.000) 1.000 0.9670.933/0.0000 1.000 0.9790.990/0.031) 0.781 0.9960.991/0.000) 1.000
EnCodec (nq=16) 0.875.7500.0000 1.000 0.8670.867/0.133) 1.000 0.8850.875/0.104) 0.833 0.9570.957/0.043) 1.000
Crop 0.9380.875/0.000) 0.000 0.9670.933/0.000) 1.000 0.89X0.8750.004) 0.871 0.9050.88/0.078) 0.988
Average 0.934(0.867/0.000) 0.875 0.9580.925/0.008) 0.908 0.9670.963/0.028) 0.860 0.9860.982/0.009) 0.937
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Figure 11. Visualization of the original audio and watermark residuals across four different methods for a randomly selected sample from
the MusicCaps dataset, showing waveform (left), spectrogram (middle), and mel-spectrogram (right) representations.

where W is the window index and b is the frequency band index. The weighting of the penalty term for each tile is

exp(ly’) The final loudness loss is the weighted sum over all the tiles,

computed in a per-band soft-max manner, wy’ = Pg exp(Iy "
b=1 b

P

‘Loud = wzl lI)3=1 ng‘\kgv'
However, we identify two limitations of this TF-based approach: (1) it lacks consideration of sophisticated auditory masking
effects, where the masker and the maskee are not in the same tile; (2) using the loudness difference as the discrepancy
measure only provides weak supervision for TF-guided watermarking in the spectrogram domain. To resolve these two
issues, we propose to use a more sophisticated TF-weighted “, loss to guide the watermarking process. First, we simulate in
the TF domain the 2D energy asymmetric decay. This helps us identifying the potential masker-maskee pairs using filtering
rules based on psychoacoustic principles. Secondly, instead of using loudness difference as a discrepancy measure, we
compute the mean-square error between the watermarked audio and the original one in the mel-spectrogram domain. This
approach provides a denser and finer-grained guidance signal for the imperceptible watermark.

Visualization of the TF-weighted penalty distribution. We further visualize the penalty weight distribution of different
TF-based approaches of AudioSeal and XATTNMARK with the same spectrogram partitioning configuration. We use a
randomly sampled watermarked audio from a model that is at the beginning of training, where the watermark still did not
exploit the potential of the TF masking effect for better imperceptibility. As we can see from Figure 12, our method provides
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