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Abstract
Recent advances in voice cloning and lip synchroniza-

tion models have enabled Synthesized Audiovisual Forgeries
(SAVFs), where both audio and visuals are manipulated to
mimic a target speaker. This significantly increases the risk of
misinformation by making fake content seem real. To address
this issue, existing methods detect or localize manipulations but
cannot recover the authentic audio that conveys the semantic
content of the message. This limitation reduces their effective-
ness in combating audiovisual misinformation. In this work,
we introduce the task of Authentic Audio Recovery (AAR) and
Tamper Localization in Audio (TLA) from SAVFs and propose
a cross-modal watermarking framework to embed authentic au-
dio into visuals before manipulation. This enables AAR, TLA,
and a robust defense against misinformation. Extensive exper-
iments demonstrate the strong performance of our method in
AAR and TLA against various manipulations, including voice
cloning and lip synchronization.1

Index Terms: Synthesized Audiovisual Forgeries, Authentic
Audio Recovery, Tamper Localization in Audio

1. Introduction
Recent advancements in generative speech models [1, 2, 3] have
enabled the synthesis of high-fidelity audio content that closely
resembles real-world speech. Among these, voice cloning tech-
niques [4, 5, 6] can replicate a speaker’s unique vocal charac-
teristics from just a few audio samples, facilitating personalized
content generation. When combined with lip synchronization
methods [7, 8, 9] that generate photorealistic video sequences
aligned with input speech, these technologies enable the cre-
ation of highly realistic audiovisual content. Such advance-
ments have broad applications in digital media, virtual avatars,
language dubbing, and assistive technologies, where scalable,
high-quality audio-visual synchronization is crucial.

However, these techniques also pose significant risks, par-
ticularly in the spread of highly realistic misinformation. Es-
pecially, Synthesized Audiovisual Forgeries (SAVFs)—videos
in which both the audio and visuals have been manipulated
through voice cloning and lip synchronization—can be ex-
ploited to impersonate individuals, manipulate public opinion,
and undermine trust in digital media [10, 11]. To mitigate these
risks, efforts have focused on detecting and localizing fake vi-
sual or audio content in SAVFs. Note that one approach is
the localization of tampered regions [12, 13], which can help
in understanding the attacker’s intent and may enable the par-
tial reuse of manipulated content. While localization provides

1The code is available at: https://eurominyoung186.
github.io/CMW_SAVF/

valuable insights, it remains insufficient for assessing the sig-
nificance of the altered regions or determining the extent of se-
mantic shifts compared to the authentic audio. As a result, it
has limitations in fully capturing the attacker’s intent and does
not allow for the complete reuse of the content.

In this work, we propose a novel task of authentic audio
recovery from SAVFs to address the limitations of existing ap-
proaches. Instead of merely detecting or localizing manipulated
content, our goal is to reconstruct the authentic audio signal,
which directly conveys the semantic content of the message. To
achieve this, we introduce a watermarking-based approach that
embeds the authentic audio into visual frames before any po-
tential forgery. This cross-modal approach enables the recovery
of authentic audio even when the audio is partially or entirely
removed during the forgery process, where direct restoration
is particularly challenging. Beyond audio reconstruction, our
method also aids in localizing tampered regions by detecting
manipulated content from recovered audio, as manually com-
paring and identifying altered parts can be highly laborious.

Through extensive experiments, we show that our approach
enables the robust recovery of authentic audio, even when the
audio stream is altered or replaced. Furthermore, it precisely lo-
calizes tampered regions, providing a proactive defense against
audiovisual misinformation. Notably, our approach remains
robust even when trained on datasets without human faces or
voices, addressing privacy and portrait rights concerns. The
core contributions of this paper can be summarized as follows:

• We introduce the novel task of recovering authentic audio
from SAVFs, moving beyond detection and localization to
restore authentic audio content.

• We propose a cross-modal watermarking framework that em-
beds audio into visual frames, ensuring robust tamper local-
ization and audio recovery even after various manipulations.

• Experimental results demonstrate that our method enables ro-
bust recovery of authentic audio and extends beyond human
faces and voices.

2. Related Works
Voice Cloned Audio Localization Recent advances in voice
cloning have intensified the challenge of localizing manipulated
audio segments. Approaches like BAM [14] and CFPRF [15]
utilize boundary-aware attention and coarse-to-fine refinement
to detect tampering; however, their reliance on specific training
manipulations limits robustness against novel attacks. Proac-
tive watermarking methods such as Wavmark [16] and Au-
dioseal [13] verify embedded watermarks to identify altered re-
gions, yet they fall short of recovering the authentic audio.
INN-based Steganography and Watermarking Steganog-
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Figure 1: Overall architecture of our model. The framework comprises three main processes: cross-modal watermarking (CMW),
authentic audio recovery, and tamper localization. In the CMW process, CMW embed the authentic audio within a visual frame. For
authentic audio recovery, noise estimators predict the transformed audio output from watermarked visual frame, enabling the inverse
CMW to recover the authentic audio embedded in the visual frame. Finally, in tamper localization, we compute feature maps for both
the recovered and tampered audio to generate a score that identifies the tampered regions.

raphy and watermarking embed data within cover content for
secure or traceable transfer. Traditional techniques [17, 18]
are constrained by capacity and invisibility issues, leading to
the emergence of deep learning methods like [19]. Invert-
ible Neural Networks (INNs) [20] offer precise embedding
and extraction, as evidenced by HiNet [21], LF-VSN [22] and
ThinImg [23]—the latter hiding audio within images via mel-
spectrograms.

3. Method
3.1. Overview

In this work, we particularly focus on SAVFs utilized to ma-
nipulate the original message of the speaker by modifying
real speech videos through voice cloning and lip synchroniza-
tion. Our task prioritizes Authentic Audio Recovery (AAR)
and Tamper Localization in Audio (TLA) because speech con-
veys core semantic content, serving as the primary medium for
delivering factual and persuasive information. Formally, our
goal is twofold: (1) to recover the authentic audio signal from
tampered audiovisual stream and (2) to identify time intervals
{(tistart, tiend)}Ni=1 that correspond to tampered audio regions
where each pair (tistart, tiend) represents a timestamp range in-
dicating a segment of containing tampered content.

To address the tasks of AAR and TLA, we propose a
watermarking-based approach, as illustrated in Fig. 1. For no-
tational simplicity, we assume that video V consists of a sin-
gle visual frame I and the audio segment A that occurs during
its display interval. It is important to note that our technique,
formulated under this simplified setting, can be seamlessly ex-
tended to Audiovisual Stream (AVS) of arbitrary length by seg-
menting them into corresponding visual frames and audio seg-
ments. Specifically, given an original AVS Xorg = (Iorg, Aorg)
as input, where Iorg is visual frame and Aorg is its corresponding
authentic audio, Aorg is imperceptibly embedded into the visual
frame Iorg, producing a watermarked AVS Xwm = (Iwm, Awm).
In this process, Iwm contains information of Aorg, while the au-
dio remains unchanged, indicating that Awm is identical to Aorg.
This watermarked AVS Xwm can be tampered with methods like
lip synchronization and voice cloning, resulting in a tampered
AVS Xtam = (Itam, Atam). For AAR and TLA, we estimate Arec,
a recovered version of Aorg, from Itam. By comparing Arec and
Atam, we can localize tampered region. The detailed method for
both processes will be elaborated in the following sections.

3.2. Audio Embedding with Cross-Modal Watermarking

In our proposed approach, we embed the authentic audio signal
Aorg into the visual frame Iorg using Cross-Modal Watermark-
ing (CMW). To embed Aorg as a watermark into Iorg, we adopt
trainable Invertible Neural Network (INN) blocks [22] with the
unique property of reversibility, allowing for exact recovery of
inputs from outputs.

Formally, given an AVS with a single frame Xorg =
(Iorg, Aorg), our cross-modal watermarking module constructs a
watermarked AVS Xwm = (Iwm, Awm). An INN block at layer
l takes inputs Ilorg and Al

org and produces Il+1
org and Al+1

org as:

Il+1
org = Ilorg + ϕ(Al

org), (1)

Al+1
org = Al

org ⊙ exp(σ(ρ(Il+1
org ))) + η(Il+1

org ), (2)

where ϕ, ρ and η are neural networks, σ is a sigmoid activation,
and ⊙ denotes element-wise multiplication. Note that the inver-
sion operation does not require the direct inverses of ϕ, ρ and η.
Instead, it relies on the ability to recover the original inputs from
the outputs through the following inversion equations:

Al
org = (Al+1

org − η(Il+1
org ))⊙ exp(−σ(ρ(Il+1

org ))), (3)

Ilorg = Il+1
org − ϕ(Al

org). (4)

The only constraints for this inversion are that the output shapes
of ρ and η must match Al

org, and the output shape of ϕ must
match Ilorg. These conditions ensure that the original inputs can
be exactly recovered from the transformed outputs, which is es-
sential for the watermarking operation.

In our implementation, we construct I1org by applying the
Discrete Wavelet Transform (DWT) in Iorg ∈ RH×W×3, where
H and W denote the height and width of visual frame. To ad-
dress the shape discrepancy between I1org ∈ R

H
4
×W

4
×48 and

Aorg ∈ RS , where S is length of corresponding audio segment,
we transform Aorg into spectrogram by applying the Short-Time
Fourier Transform (STFT) and reshape it into R

H
4
×W

4
×1, re-

sulting in A1
org. Then, I1org and A1

org are fed into a stack of L INN
blocks. This process generates outputs IL+1

org and AL+1
org , with

Iwm obtained by applying Inverse DWT (IDWT) to IL+1
org .

For ϕ, ρ and η, we follow the design principles in [24] us-
ing five 3 × 3 convolutional layers with Leaky ReLU activa-
tion, where the output channel sizes are adjusted accordingly to
match those of Ilorg and the reshaped Al

org.

5104



3.3. Authentic Audio Recovery and Tamper Localization

Authentic Audio Recovery Thanks to the invertible property
of INN, we can perfectly recover the original inputs Iorg and
Aorg from their outputs IL+1

org and AL+1
org . While IL+1

org is accessi-
ble from the watermarked image Iwm, AL+1

org cannot be directly
accessed from the watermarked AVS Xwm, as it is discarded
during the CMW process. To overcome this, we predict AL+1

org
from Iwm using a noise estimator inspired by [22]. This estima-
tion process enables the recovery of the embedded original au-
dio Aorg solely from the watermarked frame Iwm without requir-
ing access to the authentic audio. In practice, the watermarked
frame Iwm may also be altered within the SAVFs due to lip syn-
chronization forgery, introducing an additional challenge. To
address this, we learn a robust model capable of handling such
modifications, which will be discussed later.
Tamper Localization After AAR, we can localize the tam-
pered region within the SAVFs by comparing the recovered and
tampered audio. However, a naı̈ve direct comparison of raw au-
dio signals is highly susceptible to noise and recovery errors,
making it unreliable for precise tampering localization. To ad-
dress this, we use a Semantic Feature Extractor (SFE) based
on [25] to project the audio streams A into a semantic feature
space F ∈ RT×C . We then compute their similarity using
the inner product for more robust and reliable TLA. Formally,
given audio feature map Ftam = {f ttam} and Frec = {f trec} ex-
tracted from the Atam and Arec, we compute a cosine similar-
ity score sttam = (f ttam)

⊺(f trec) at timestep t, where f ttam ∈ RC

and f trec ∈ RC are temporally aligned feature vectors. This
feature-level comparison enhances resilience to recovery errors
and minor perturbations that do not alter the underlying seman-
tics. We conducted experiments to evaluate the effectiveness of
feature-level comparison. While a naı̈ve direct comparison of
raw audio signals yields an Average Precision (AP) of 87.17,
our approach significantly improves it to 98.28, demonstrating
superior robustness in tamper localization.

3.4. Training

We train the entire network end-to-end in an unsupervised man-
ner, without requiring localization annotations for tampering
attacks. Our total loss function is a weighted sum of four
components described below: watermarking loss, visual recon-
struction loss, audio reconstruction loss, and feature contrastive
loss, formulated as L = λWLLWL + λVRLLVRL + λARLLARL +
λSFCLLSFCL where λs are coefficients for each loss term.
Watermarking Loss To ensure the watermarked visual frame
Iwm closely resembles the original visual frame Iorg, we apply
an L2 loss, LWL = ||Iwm − Iorg||22.
Reconstruction Losses To ensure the original frame Iorg and
audio stream Aorg are accurately recovered with AL+1

org miss-
ing, we introduce two loss terms LVRL = ||Iorg − Irec||22 and
LARL = ||Aorg − Arec||22. These terms are critical to train the
noise estimator for AL+1

org introduced in Section 3.2.
Semantic Feature Contrastive Loss To ensure robust tam-
per localization, we compare the tampered and recovered audio
streams in a semantic feature space. Specifically, we enforce
proximity between temporally aligned features f torg and f trec us-
ing a contrastive loss [26] as follows:

LSFCL =
∑
t

LNCE,t = −
∑
t

log
exp (f torg · f

t

rec/τ)∑T
l=1 exp (f

t
org · f lrec/τ)

where τ is a temperature, and T is the number of features in the
feature map.

Masking Strategy Lip synchronization forgery alters facial
regions, removing parts of embedded watermarks and compli-
cating AAR. To enhance robustness against such forgery, we
introduce masking strategies during training that partially re-
move embedded watermarks in Iwm. As shown in Fig. 1, given
an original frame Iorg and its watermarked counterpart Iwm, we
apply a binary mask M ∈ RH×W to selectively replace wa-
termarked regions using M ⊙ Iorg + (1 − M) ⊙ Iwm, where
⊙ denotes element-wise multiplication. This simulates water-
mark removal, helping the model learn to recover audio even
when portions are erased. Specifically, we employ two mask-
ing strategies: Random Mask Generation, which applies one to
three randomly shaped geometric masks with side lengths sam-
pled between 20 and 150 pixels, and Facial Mask Generation,
which uses a facial detection model [27] to identify and alter
facial regions. In inference time, we utilize lip synchronization
models without applying masking strategies.

4. Experiments
4.1. Experimental Setup

Dataset We use the HDTF dataset [28], which consists of 410
talking face videos with synchronized speech, totaling 16 hours
of audiovisual data. As one of the primary benchmarks for lip-
synchronization [28, 29], HDTF provides high-quality, diverse
speaker recordings, making it well-suited for evaluating the ef-
fectiveness of our approach in AAR and TLA. A random subset
of 98 videos is used for training, with the remaining 312 re-
served for evaluation. A random 5-second segments from each
of these samples are pre-selected for fair evaluations. All videos
are processed at 25 fps with audio sampled at 16 kHz.
Evaluation Metrics For AAR, we adopt Signal-to-Noise Ra-
tio (SNR), Perceptual Evaluation of Speech Quality (PESQ)
from [13, 16], which are common metrics, measuring the audio
fidelity. For TLA, we employ Intersection over Union (IoU),
Average Precision (AP), and Area Under the Curve (AUC) fol-
lowing [12, 30]. We additionaly measure the quality of the wa-
termarked contents using Peak Signal-to-Noise Ratio (PSNR)
and Structural Similarity Index Measure (SSIM) from [12].
Implementation Details We use six invertible blocks (L = 6)
and optimize the weights for 10K iterations using Adam op-
timizer with a learning rate of 1 × 10−4, β1 = 0.9 and
β2 = 0.5. For all experiments, we set λWL = 10, λARL = 10,
λVRL = 0.1, λSFCL = 1 and τ = 0.07 while setting the win-
dow size and hop length to 510 and 128 for STFT. The channel
of the audio feature map is 32 and we employ a queue that stores
65,536 features from previous iterations.

4.2. Results

Tamper Localization in Audio Table 1 compares our model
with SOTA audio tamper localization methods, including pas-
sive approaches, BAM [14] and CFPRF [15] and proactive
watermarking-based (WM) methods, AudioSeal [13] and Wav-
mark [16]. We evaluate two tampering scenarios: Audio Swap-
ping (AS), where 10% to 30% of audio is replaced with another
segment from the same speaker, and Voice Cloning (VC), where
a audio segment is substituted with a synthetic voice generated
by a cloning model [4]. In both cases, visual frames are also
manipulated using MuseTalk [31], posing an additional chal-
lenge for our model. Unlike audio-only baselines that ignore
visual inputs, our model embeds audio within the visual modal-
ity, enabling accurate recovery and tamper localization. As a
result, our cross-modal watermarking model consistently out-
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Table 1: Comparison of Different Audio Tamper Localization Methods on the HDTF Dataset. Tampering simulation uses two
methods: AS-inserting a different audio segment into the parts of original audio and VS-modifying parts of the audio with voice
generated by OpenVoice [4]. Localization metrics include IoU, AP, and AUC, while SNR and PESQ measure recovered audio quality,
respectively. SSIM and PSNR measure video quality. WM and CM refer to watermarking and cross-modal techniques.

Audio Recovery Tamper Localization (AS) Tamper Localization (VC) Audio Quality Visual Quality
Name WM CM SNR↑ PESQ↑ IoU↑ AP↑ AUC↑ IoU↑ AP↑ AUC↑ SNR↑ PESQ↑ PSNR↑ SSIM↑
CFPRF [15] ✗ ✗ N/A N/A 35.12 39.21 49.12 31.31 39.77 47.58 ∞ 4.5 ∞ 1.0
BAM [14] ✗ ✗ N/A N/A 20.43 48.44 53.82 27.24 48.29 52.42 ∞ 4.5 ∞ 1.0
Wavmark [16] ✓ ✗ N/A N/A 40.22 40.22 50.22 40.00 40.00 50.00 36.9 4.23 ∞ 1.0
Audioseal [13] ✓ ✗ N/A N/A 93.68 98.23 99.02 91.78 97.43 98.69 26.5 4.39 ∞ 1.0
Ours ✓ ✓ 17.82 3.18 97.02 99.89 99.95 95.40 98.28 98.83 ∞ 4.5 41.53 0.98

Table 2: Impact of Masking Strategy “No Mask” refers to
training without a mask. Our masking strategies outperform
“No Mask”, showing their effectiveness.

Masking Audio Recovery Tamper Localization Visual Quality
Strategy SNR↑ PESQ↑ IoU↑ AUC↑ PSNR↑ SSIM↑
No Mask 4.63 1.53 60.01 86.10 42.56 0.99
Facial Mask 18.17 2.73 95.19 99.26 41.53 0.98
Random Mask 17.41 2.36 92.29 98.88 40.64 0.98

Recovered 
Audio (𝐴!"#)

Original
Audio (𝐴$!%)

Watermarked
 Frame (𝐼&')

Original
Frame (𝐼$!%)

Figure 2: Qualitative Examples The watermarked frames and
recovered audio closely resemble the original AVS, ensuring im-
perceptible embedding and authentic audio recovery.

performs the best SOTA method, Audioseal, in both settings and
surpasses other baselines by a large margin. Unlike Wavmark
and Audioseal, which degrade audio quality by embedding wa-
termarks directly in the audio stream, our approach preserves
audio integrity by embedding the watermark into the visual in-
put while maintaining high visual quality. Fig. 2 shows that this
process has minimal impact on visual quality.
Authentic Audio Recovery Table 1 shows that, despite their
tamper localization capabilities, All baseline models are unable
to perform AAR. In contrast, our model, leveraging a robust
cross-modal watermarking technique, successfully recovers the
authentic audio, achieving an SNR of 17.82 and a PESQ of 3.18
from SAVFs, demonstrating outstanding AAR performances.
This is confirmed by the qualitative examples in Fig. 2.
Effects of Masking Strategies Table 2 compares different
masking strategies during training, highlighting their impact on
AAR and TLA. Training without masking fails to recover au-
thentic audio, as watermarks are fragile to lip synchronization
forgery, making masking essential for AAR. Both random and
facial masking improve robustness, with facial masking achiev-
ing higher performances since its masked region aligns with the
actual tampered areas, enabling more effective signal embed-
ding. In terms of visual quality, training without masking pre-
serves visual fidelity best, as it allows for compact signal em-
bedding but lacks robustness to attacks. Among masking strate-
gies, facial masking maintains better visual quality than random
masking, as it introduces less redundancy due to its more pre-
dictable regions, while random masking increases uncertainty,
leading to more dispersed watermark embedding.
Robustness to Various Lip Synchronization Methods We
evaluate our model’s robustness against three lip synchroniza-

Table 3: Comparison of Different Lip Synchronization Meth-
ods. Lip synchronization is simulated with Wav2Lip [7],
Diff2Lip [8], and MuseTalk [31]. The watermark is effectively
extracted after lip synchronization.

Lip synchronization Audio Recovery Tamper Localization
Model SNR↑ PESQ↑ IoU↑ AP↑ AUC↑
None 28.20 3.49 97.13 99.71 99.80
Wav2Lip [7] 16.06 2.91 92.97 95.23 98.29
Diff2Lip [8] 18.17 2.73 95.19 99.02 99.26
MuseTalk [31] 17.82 3.18 95.40 98.28 98.83

Table 4: Domain Generalization to Unseen Domains during
Training. Comparisons of our method trained on human-
associated [28] and non-human [32, 33] datasets, demonstrat-
ing its domain generalization capability.

Training Audio Recovery Tamper Localization Visual Quality
Dataset SNR↑ PESQ↑ IoU↑ AUC↑ PSNR↑ SSIM↑
HDTF [28] 17.41 2.36 92.29 98.88 40.64 0.98
Vi90k + FMA [32, 33] 15.40 1.82 88.26 97.72 40.49 0.98

tion methods [7, 8, 31]. As shown in Table 3, performance is
highest without lip synchronization, preserving the embedded
watermark. While lip synchronization causes some degrada-
tion, speech remains intelligible (refer to Supplementary Mate-
rial), and scores remain relatively high compared to the failed
model in Table 2. Additionally, scores for TLA consistently
exceed 90%. These results highlight our model’s effectiveness
in SAVF scenarios and demonstrate its reliability under various
adversarial conditions.
Learning from Non-Human Datasets Training networks with
human-associated datasets often raises ethical concerns, partic-
ularly regarding privacy. To mitigate these issues, we train our
model using non-human datasets that exclude human facial im-
agery and human voice. Specifically, we use the Vimeo-90k
dataset [32], combined with the Free Music Archive (FMA)
dataset [33]. As shown in Table 4, our model trained on this
dataset achieves slightly lower but comparable performance to
the model trained directly on HDTF in both AAR and TLA.
These results demonstrate that our approach can be effectively
trained on datasets from entirely different domains, addressing
privacy concerns without significant performance degradation.

5. Conclusion
In this paper, we introduced a novel task of recovering authentic
audio from SAVFs, moving beyond mere detection and local-
ization. To achieve this, we propose cross-modal watermarking
method not only localizing tampered regions but also recover-
ing authentic audio. Our model demonstrated state-of-the-art
localization performance while effectively recovering authentic
audio. Notably, our approach remains effective without training
on human faces or voices, ensuring privacy compliance. This
practical solution combats misinformation and preserves con-
tent authenticity, fostering a safer multimedia ecosystem.
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