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Abstract
General AI-generated audio-video detection re-
quires determining whether the visual stream, the
audio stream, or both modalities are synthetic. In
this paper, we propose DiFuse, a modality-specific
latent realness modeling framework for the IJCAI
2026 DDL-GAV challenge. DiFuse uses frozen
pretrained audio and visual encoders to extract
modality-level representations, learns authenticity
cues in each latent space, and fuses the result-
ing evidence for four-class audio-video prediction.
For audio detection, we build a Dasheng-based
branch with duration-aware cropping and tempo-
ral mean–std pooling. For video detection, we ex-
tract DINOv3 frame features and introduce a class-
conditional feature shuffling strategy to encourage
sparse forgery evidence learning before attention-
based aggregation. On the official test set, DiFuse
achieves a final score of 0.8438, with a binary score
of 0.9395 and a four-class score of 0.78, demon-
strating the effectiveness of modality-specific real-
ness modeling and audio-video fusion for general
AIGC audio-video detection.

1 Introduction
Recent advances in generative AI have substantially im-
proved the realism, accessibility, and diversity of synthetic
multimedia content. Text-to-video systems can synthesize
temporally coherent visual streams [Brooks et al., 2024;
Bar-Tal et al., 2024; Yang et al., 2025], while modern speech,
audio, and audio-video generation models can produce plau-
sible acoustic content for a wide range of scenes [Wang et
al., 2023a; Liu et al., 2023; Polyak et al., 2024]. As a re-
sult, multimedia forensics is no longer limited to visual au-
thenticity detection. In real-world audio-video samples, the
visual stream and the audio stream may be independently
authentic or synthetic, or both may be AI-generated. This
emerging threat landscape requires detection systems to as-
sess modality-specific authenticity while also reasoning about
cross-modal consistency.

This need for joint reasoning exposes the limitations of
conventional face-centric or speech-centric deepfake detec-

tion. Earlier forensic tasks often rely on face swapping ar-
tifacts, speaker spoofing cues, or lip-sync errors [Jung et
al., 2022; Li et al., 2020; Haliassos et al., 2021], and re-
cent visual detectors further improve robustness by mod-
eling localized or temporal artifacts [Nguyen et al., 2024;
Nguyen et al., 2025]. These assumptions are valuable for
talking-face manipulation, but they do not fully cover con-
temporary AIGC media, which may contain open-domain
scenes, anime-style videos, music, ambient sounds, and com-
plex audio-visual events. Moreover, synthetic content does
not necessarily cause an obvious cross-modal mismatch: gen-
erated audio can be compatible with real video, and jointly
generated audio-video samples can remain plausible in both
semantics and timing. Therefore, audio-visual AIGC detec-
tion should move beyond face-centric and mismatch-based
cues toward joint modeling of modality-specific authentic-
ity and cross-modal consistency. Consistent with this mo-
tivation, the frequency spectra in Figure 1 show that real
and AI-generated samples exhibit distinguishable frequency-
domain patterns in both visual and audio streams, suggesting
that modality-specific artifacts remain informative even when
cross-modal mismatches are not explicit.

The DDL-GAV General AIGC Audio-Video Detection
Challenge is designed around this broader audio-visual set-
ting. Built on MVAD [Hu et al., 2026], it covers diverse
content categories, visual styles, and generation techniques,
rather than focusing only on talking faces, celebrity identities,
or speech-driven forgery. Specifically, DDL-GAV defines
four modality combinations: real-real, fake-real, real-fake,
and fake-fake. This formulation requires modality-specific
evidence, as neither audio-only nor video-only detectors can
handle all forgery types.

Prior work provides useful foundations, but its assump-
tions only partially fit DDL-GAV. Audio spoofing detectors
mainly study synthetic or converted speech [Jung et al., 2022;
Tak et al., 2022], visual deepfake detectors often focus on
face-region, frequency, or temporal artifacts [Li et al., 2020;
Liu et al., 2021; Zheng et al., 2021], and many audio-video
datasets or methods emphasize identity, synchronization,
temporal localization, or cross-modal inconsistency [Khalid
et al., 2021; Cai et al., 2023; Cai et al., 2024; Katamneni and
Rattani, 2024]. Yet DDL-GAV covers open-domain visuals
and diverse audio types, where these task-specific cues may
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Figure 1: Video and audio frequency spectra for MVAD Dataset. Brighter regions indicate stronger frequency energy.

be unreliable. Moreover, an overall real/fake prediction may
hide whether the visual stream, the audio stream, or both are
AI-generated.

We model task-specific real support in pretrained latent
spaces. Despite variations in content, style, and modality
conditions, strong foundation encoders can map real audio
and video onto relatively stable manifolds, enabling real sam-
ples to serve as references without explicitly modeling the full
real-world distribution. Specifically, we use frozen DINOv3-
7B [Siméoni et al., 2025] and Dasheng-1.2B [Dinkel et al.,
2024] as visual and audio encoders. Rather than acting
as forensic detectors, they provide modality-specific latent
spaces in which authenticity boundaries are learned. We fur-
ther introduce class-conditional feature shuffling, which ap-
plies controlled perturbations to real features to approximate
their local neighborhoods. Attention pooling aggregates ev-
idence from the original and augmented features, produc-
ing modality-level authenticity scores, which are finally com-
bined through cross-modal fusion.

In summary, we address DDL-GAV as a general audio-
video AIGC detection problem that requires modality-
specific authenticity modeling beyond face-centric, speech-
centric, and mismatch-based cues. We propose class-
conditional feature shuffling, which approximates local real
neighborhoods in pretrained audio and visual latent spaces to
learn modality-level authenticity scores.

2 Related Work
2.1 Synthetic Audio and Video Generation
Recent generative models have substantially expanded the re-
alism and diversity of synthetic visual content. Large-scale
text-to-video and image-to-video systems, including latent
video diffusion, Lumiere, Sora, and CogVideoX, can gener-
ate temporally coherent videos covering diverse scenes and
visual styles [Blattmann et al., 2023; Bar-Tal et al., 2024;
Brooks et al., 2024; Yang et al., 2025]. Consequently, the vi-
sual stream of an online video can no longer be assumed to
be authentic.

Audio generation has progressed in parallel. VALL-E
shows that neural codec language models can synthesize
speech from a short acoustic prompt [Wang et al., 2023a],
while AudioLDM and AudioLDM 2 extend latent diffusion
and self-supervised pretraining to general text-to-audio gen-

eration [Liu et al., 2023; Liu et al., 2024]. MusicGen fur-
ther demonstrates controllable generation of non-speech mu-
sic content [Copet et al., 2023]. As a result, forged audio
in AIGC videos is not limited to cloned voices; it may also
appear as generated music, action sounds, background ambi-
ence, or other non-speech acoustic events.

More importantly, recent systems increasingly generate
audio and video jointly or condition one modality on the
other. FoleyCrafter synthesizes video-synchronized sounds
from silent videos [Zhang et al., 2026], and Movie Gen in-
tegrates video generation, editing, personalization, and syn-
chronized audio generation in a unified media generation
framework [Polyak et al., 2024]. This trend weakens the tra-
ditional assumption that fake audio-video content must con-
tain obvious cross-modal mismatch: generated audio may
be semantically and temporally compatible with the visual
stream, and both modalities may be synthesized together.

2.2 AI-Generated Audio-Video Detection
AI-generated audio-video detection builds on three related
lines of work: audio forgery detection, visual forgery detec-
tion, and multimodal audio-video detection. Existing audio
forgery detectors cover both speech-oriented anti-spoofing
and general-audio detection. AASIST models spectro-
temporal relations using heterogeneous graph attention [Jung
et al., 2022], while RawBMamba directly processes raw
waveforms and employs bidirectional state-space modeling
to capture both short- and long-range forgery artifacts [Chen
et al., 2024]. Large audio encoders provide another direction.
XLS-R learns cross-lingual speech representations [Babu et
al., 2022], whereas BEATs learns general acoustic represen-
tations through acoustic tokenizers [Chen et al., 2023]. For
non-speech audio, Ouajdi et al. combine CLAP embeddings
with an MLP to detect synthetic environmental and Foley
sounds [Ouajdi et al., 2024]. These general-audio representa-
tions are particularly relevant to MVAD, whose audio tracks
contain not only speech but also music, sound effects, actions,
and environmental ambience. Following this direction, our
audio branch combines frozen Dasheng-1.2B representations
with a lightweight MLP classifier [Dinkel et al., 2024].

Visual forgery detection has historically focused on face
manipulation and synthetic video artifacts. Face X-Ray de-
tects blending boundaries between source images [Li et al.,
2020], SPSL exploits frequency traces [Liu et al., 2021], and
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Figure 2: Overview of the proposed DiFuse framework for general AI-generated audio-video detection.

FTCN or AltFreezing model temporal or spatio-temporal ar-
tifacts [Zheng et al., 2021; Wang et al., 2023b]. Recent detec-
tors such as LAA-Net and FakeSTormer explicitly model lo-
calized, subtle, or spatio-temporal artifacts for stronger gen-
eralization [Nguyen et al., 2024; Nguyen et al., 2025]. These
methods provide strong visual evidence, but they cannot de-
tect samples where only the audio stream is fake.

Audio-video deepfake detection further models the rela-
tionship between modalities. Datasets such as FakeAVCeleb,
LAV-DF, and AV-Deepfake1M provide multimodal labels,
temporal localization, or large-scale audio-visual forgery set-
tings [Khalid et al., 2021; Cai et al., 2023; Cai et al., 2024].
Joint audio-visual detection and AVoiD-DF exploit cross-
modal attention or inconsistency cues [Zhou and Lim, 2021;
Yang et al., 2023]. Recent multimodal methods also revisit
contrastive learning and contextual cross-modal modeling for
audio-visual detection and localization [Zhang et al., 2023;
Katamneni and Rattani, 2024]. However, many of these
works remain close to talking-face or mismatch-based set-
tings. MVAD and the DDL-GAV challenge extend the task to
general AIGC audio-video detection with four modality com-
binations: real-real, fake-real, real-fake, and fake–fake [Hu et
al., 2026]. This setting requires preserving modality-specific
authenticity evidence while using cross-modal cues as com-
plementary information.

3 Method
3.1 Overall Architecture
We propose DiFuse, a divide-then-fuse framework for
General AIGC Audio-Video Detection based on modality-
specific latent realness modeling. This formulation estimates
the authenticity of each modality within frozen pretrained
latent spaces, motivated by the observation that real audio
and visual signals form relatively stable manifolds in well-
pretrained representation spaces, whereas generated samples
tend to deviate through spectral, temporal, or visual artifacts.
As shown in Figure 2, DiFuse maps video frames and audio
tracks into separate visual and audio representation spaces

using large-scale pretrained models as frozen backbones. It
then learns realness cues with modality-specific audio and vi-
sual branches by modeling deviations from real samples, and
finally fuses the resulting evidence to predict the four-class
audio-video authenticity label.

3.2 Audio Branch
As illustrated in the lower part of Figure 2, the audio branch
extracts modality-specific evidence from the input video. For
each video, we first use FFmpeg to decode the audio track into
a 16-kHz mono waveform. The waveform is then divided into
duration-aware 6-second crops: audio shorter than 6 seconds
is padded to form one crop, audio between 6 and 12 seconds
is divided into two crops, and audio longer than 12 seconds is
divided into three crops.

We use Dasheng-1.2B [Dinkel et al., 2024] as the frozen
pretrained audio encoder. Its general audio pretraining is well
suited to MVAD, since the audio tracks contain diverse acous-
tic events, including speech, music, sound effects, actions,
and environmental sounds. For the k-th audio crop, Dasheng
produces temporal hidden states Zk ∈ RTk×1536, where Tk

denotes the number of encoder time tokens.
Let Zk = [zk,1, . . . , zk,Tk

] denote the sequence of
Dasheng temporal hidden states from crop k. Following the
pooling module shown in Figure 2, we summarize each crop
by concatenating the temporal mean and standard deviation:

µk =
1

Tk

Tk∑
t=1

zk,t, σk =

√√√√ 1

Tk

Tk∑
t=1

(zk,t − µk)
2
,

hk = [µk;σk] ∈ R3072.

Here [·; ·] denotes vector concatenation. For Dasheng, this op-
eration produces a 3072-dimensional crop-level feature. The
crop features are cached on disk and used as the basic audio
representation for downstream detection.

For audio-video fusion, we further aggregate the crop-level



features into a video-level audio representation:

za =
1

K

K∑
k=1

hk,

where K is the number of audio crops. The resulting za ∈
R3072 is used as the audio input to the fusion module.

For audio-only detection, the cached crop features are fed
into a compact MLP classifier with LayerNorm, two hidden
layers 3072→ 1024→ 256, GELU activations, dropout, and
a single output logit. For a video with K audio crops, the
video-level audio fake probability is obtained by averaging
crop-level logits:

pa(fake | v) = σ

(
1

K

K∑
k=1

g(hk)

)
,

where g(·) denotes the MLP logit function and σ(·) is the
sigmoid function.

To examine whether general-purpose audio representations
are more suitable for MVAD than speech-specific or anti-
spoofing representations, we compare Dasheng-1.2B with
speech-oriented XLS-R features [Babu et al., 2022], the end-
to-end AASIST anti-spoofing model [Jung et al., 2022], and
a BEATs/UniLM baseline [Chen et al., 2023].

3.3 Video Branch
As illustrated in the upper part of Figure 2, the video branch
uniformly samples Nv frames and extracts frame-level fea-
tures using a frozen pretrained visual encoder. Since forgery
cues in fake videos are often sparse and unevenly distributed,
only a small subset of frames may contain clear artifacts,
while many others appear realistic. Therefore, the detector
should identify discriminative frames from the sampled se-
quence rather than rely on uniform temporal aggregation.
Realness-Guided Latent Feature Shuffling. Inspired
by [Chen et al., 2026], we implement latent realness model-
ing in the visual branch by directly shuffling features within
the pretrained latent space. Within each mini-batch, frame-
level features are divided into an in-batch real feature bank
Br and an in-batch fake feature bank Bf according to their
video labels. The two banks are reconstructed from the cur-
rent mini-batch at every training iteration and are not main-
tained across different batches.

Real features are kept unchanged and serve as latent real-
ness references. For each fake feature hf ∈ Bf , we randomly
sample a real feature hr ∈ Br from the same mini-batch and
construct

h̃f = (1− r)hf + rhr,

where r ∈ [0, 1] is the shuffle ratio controlling the amount
of realness evidence injected into the fake feature. A larger
r introduces a greater contribution from the randomly paired
real feature, while r = 0 leaves the original fake feature un-
changed. Here, feature shuffling refers to the random in-batch
pairing and weighted mixing of fake and real latent features.
This one-sided operation injects realistic evidence into fake
representations while retaining their fake labels, thereby con-
structing harder samples with weaker forgery cues and en-
couraging the detector to learn a more discriminative latent
realness boundary.

Table 1: First-frame linear probing comparison of different visual
backbones. We extract features from the first frame of each video
using a frozen visual encoder and train a linear classifier to evaluate
backbone representation quality for video forgery detection.

Method Acc AUROC AP Fake-F1
D3 [Zheng et al., 2025] 0.7220 0.5151 0.1570 0.2339
DINOv2 Large 0.7534 0.9025 0.5727 0.4954
DINOv3 ViT-B/16 0.7862 0.9414 0.7653 0.5383
DINOv3 ConvNeXt-L 0.8522 0.9347 0.6747 0.6139
DINOv3 ViT-7B/16 0.8637 0.9561 0.8423 0.6421

Table 2: Validation performance of audio forgery detection methods
on the 9:1 MVAD split. Results are selected by the best validation
ROC-AUC.

Method ROC-AUC AP Acc. EER

Existing audio forgery methods

AASIST [Jung et al., 2022] 0.99788 0.99346 0.97981 0.01937
BEATs [Chen et al., 2023] 0.99852 0.99636 0.98687 0.01498
CLAP-MLP [Ouajdi et al., 2024] 0.99781 0.99447 0.97995 0.01919
RawBMamba [Chen et al., 2024] 0.99301 0.97637 0.96392 0.03630

Encoder+MLP comparison

XLS-R+MLP [Babu et al., 2022] 0.99937 0.99815 0.99033 0.00911
Ours: Dasheng-1.2B+MLP [Dinkel et al., 2024] 0.99987 0.99961 0.99605 0.00379

Attention-Based Pooling. Let

H̃v = [h̃1, h̃2, . . . , h̃Nv
] ∈ RNv×dv

denote the frame-level feature sequence after latent feature
shuffling, where features from real videos remain unchanged.
We use a learnable attention pooling module to aggregate the
frame-level evidence. For each feature h̃i, the attention score
is computed as

si = w⊤
2 tanh(W1h̃i + b1) + b2,

where W1 ∈ R256×dv and w2 ∈ R256. The normalized atten-
tion weight is given by

αi =
exp(si)∑Nv

j=1 exp(sj)
,

Nv∑
i=1

αi = 1.

The final video-level representation is obtained as

zv =

Nv∑
i=1

αih̃i.

Compared with average pooling, attention pooling acts as
a soft evidence selector, assigning larger weights to frames
with stronger forgery-related cues and reducing the dilution
caused by realistic-looking or less informative frames.

3.4 Audio-Video Detection
The audio-video detector fuses modality-specific evidence
from the audio and video branches. Let zv ∈ Rdv and
za ∈ Rda denote the video and audio representations, re-
spectively. We concatenate them and feed the result into a
lightweight multimodal projector:

zav = [zv; za], z̃av = fθ(zav),



Table 3: Audio-visual fusion results on the validation set using
DaSheng and DINOv3-ViT-7B as audio and video backbones.

Fusion Setting Acc. AUC AP Fake F1 Real F1

Linear Probing 0.9888 0.9993 0.9967 0.9598 0.9935
w/o Shuffle 0.9950 0.9999 0.9993 0.9811 0.9971
w/ Shuffle 0.9969 0.9999 0.9998 0.9941 0.9979

Table 4: MVAD partition used for validation in the four-class audio-
video detection task.

Split Total RR FR RF FF

Train 127,504 87,661 6,240 22,681 10,922
Validation 14,164 9,740 693 2,519 1,212

where fθ(·) denotes the projector.
The main classifier predicts four audio-video authenticity

categories:

Y = {real-real, real-fake, fake-real, fake-fake},
where the first term indicates the video modality and the sec-
ond term indicates the audio modality. The four-class proba-
bility distribution is computed as

p = softmax(Wz̃av + b).

To preserve modality-specific evidence during fusion, we
attach three auxiliary binary heads for any-fake, video-fake,
and audio-fake prediction. The any-fake head estimates
whether at least one modality is manipulated, while the video-
fake and audio-fake heads provide modality-specific supervi-
sion. The overall training objective is

L = L4 + λ (Lany + Lvideo + Laudio) ,

where L4 denotes the primary four-class classification loss,
and Lany , Lvideo, and Laudio denote the three auxiliary bi-
nary classification losses. We set the common auxiliary-
loss coefficient to λ = 0.35 in all experiments. This multi-
task supervision encourages the fused representation to retain
both joint audio-video evidence and modality-specific forgery
cues.

4 Experiments
4.1 Experiment Setup
Dataset. We evaluate the modality-specific branches on the
MVAD training split used by the DDL-GAV challenge. Fol-
lowing the four labels, RR, FR, RF, and FF correspond to
(yv, ya) = (0, 0), (1, 0), (0, 1), (1, 1), where 0 and 1 denote
real and fake, respectively. We use a 9:1 train/validation par-
tition over all available generator groups with random seed
42. Table 4 summarizes the resulting split.
Evaluation Metrics. Following the validation-style report-
ing used in prior IJCAI workshop challenge papers, we re-
port validation metrics rather than hidden test labels. The
primary metric is ROC-AUC. We additionally report average
precision (AP), accuracy, and equal error rate (EER). ROC-
AUC and AP measure ranking quality under the imbalanced
validation distribution, while accuracy and EER summarize
thresholded detection behavior.

Table 5: Ablation of the feature shuffle ratio on a manually anno-
tated OOD subset randomly sampled from MVAD (N = 673). All
variants use the same backbone and differ only in the shuffle ratio r.
RR, RF, FR, and FF denote real-real, real-fake, fake-real, and fake-
fake, respectively.

Overall Class Recall

Method Acc.↑ Macro-F1↑ RR↑ RF↑ FR↑ FF↑

No shuffle 0.6597 0.4982 0.5842 0.9394 0.0000 0.8582
r = 0.2 0.7786 0.5983 0.7943 0.9545 0.2500 0.7015
r = 0.4 0.7920 0.5921 0.8249 0.9545 0.1875 0.6716
r = 0.6 0.7801 0.5842 0.8249 0.9545 0.2500 0.6045
r = 0.8 0.7474 0.5765 0.7593 0.9545 0.2500 0.6642

Implementation Details. We freeze Dasheng-1.2B and DI-
NOv3 ViT-7B/16 and train prediction heads on cached fea-
tures. Audio features are mean-pooled to 3072 dimen-
sions and projected to 512 dimensions. For video, 4096-
dimensional features from 16 uniformly sampled frames are
attention-pooled and projected to 512 dimensions. The two
representations are concatenated for four-class prediction,
with auxiliary audio-fake, video-fake, and any-fake heads.
We set λ = 0.35 and train with AdamW for 6 epochs us-
ing a learning rate of 10−4, weight decay of 10−4, batch
size 2048, and dropout 0.25. At inference, P (fake) = 1 −
P (real real).

4.2 Experimental Results and Analysis
Figure 1 shows clear spectral differences between real and
AI-generated samples in both video and audio streams. Fake
samples exhibit distinct energy distributions and frequency
textures across low-, mid-, and high-frequency regions, sug-
gesting that frequency-domain cues provide useful evidence
for audio-visual forgery detection.

Table 2 compares the proposed audio branch with four
representative audio forgery detectors and an XLS-R+MLP
counterpart on the same 9:1 MVAD split. Among the base-
lines, BEATs performs best, achieving 0.99852 ROC-AUC,
0.99636 AP, 0.98687 accuracy, and 0.01498 EER. AASIST
and RawBMamba, mainly designed for synthetic or con-
verted speech, perform less effectively on MVAD. CLAP-
MLP, despite pretraining on environmental and Foley au-
dio, reaches only 0.99781 ROC-AUC and 0.97995 accu-
racy, suggesting that neither speech-specific cues nor general
environmental-audio representations fully capture the diverse
audio content in MVAD.

Dasheng-1.2B+MLP achieves the best overall results, with
0.99987 ROC-AUC, 0.99961 AP, 0.99605 accuracy, and
0.00379 EER. Under the controlled Encoder+MLP setting, it
improves accuracy over XLS-R from 0.99033 to 0.99605 and
reduces EER from 0.00911 to 0.00379. It also outperforms all
other methods across the four metrics, supporting the use of
a general-purpose audio encoder for MVAD, which contains
synthetic speech, music, sound effects, and environmental au-
dio generated by heterogeneous AIGC pipelines.

Table 1 shows that stronger visual representations are cru-
cial for video forgery detection. D3 achieves only 0.7220 ac-
curacy and 0.5151 AUROC, while pretrained encoders pro-
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Figure 3: t-SNE visualization of visual features before and after
training. Blue and red points denote real and fake samples, respec-
tively.

vide substantial gains. DINOv2-Large reaches 0.9025 AU-
ROC, and DINOv3 performs even better. DINOv3 ViT-7B/16
achieves the best results, with 0.8637 accuracy, 0.9561 AU-
ROC, 0.8423 AP, and 0.6421 fake F1. However, the relatively
low fake F1 indicates that video-only detection remains chal-
lenging, likely because visual artifacts are sparse, subtle, and
unevenly distributed across frames.

Table 3 evaluates different audio-visual fusion settings us-
ing DaSheng and DINOv3-ViT-7B as the audio and video
backbones. All variants achieve strong performance, with
AUC and AP close to 1.0, confirming the complementarity
of audio and visual evidence. Compared with linear prob-
ing, the learned fusion variants improve fake F1 from 0.9598
to 0.9811 and 0.9941, showing that trainable fusion better
captures forgery-related cues. The best setting, w/ Shuffle,
achieves 0.9969 accuracy, 0.9999 AUC, 0.9998 AP, 0.9941
fake F1, and 0.9979 real F1, demonstrating the effectiveness
of joint audio-visual modeling for MVAD detection.

Different models and variants often achieve similarly high
performance on the in-domain validation set, making their
differences difficult to distinguish. We therefore train on the
training set, select checkpoints on the validation set, and eval-
uate them on a small manually annotated OOD subset of 673
randomly sampled MVAD examples. As shown in Table 5,
r = 0.4 improves accuracy from 0.6597 to 0.7920, demon-
strating the effectiveness of feature shuffling.

We adapt AVFF [Oorloff et al., 2024] to the four-class set-
ting by replacing its binary head with a four-way classifier
and fine-tuning the backbone for one epoch on the same in-
distribution split. AVFF achieves strong performance on the
MVAD validation set, reaching 0.9864 accuracy and 0.9755
Macro-F1. However, its performance drops sharply on the
manually annotated OOD set, achieving only 0.1917 accu-
racy and 0.1540 Macro-F1, which reveals limited out-of-
domain generalization.

4.3 Visualization
Figure 3 shows that pretrained visual features already pro-
vide real-fake separability, while detector training further
improves class compactness and discrimination, indicating
that frozen visual representations contain useful forgery cues.
Figure 4 presents audio feature distributions from differ-
ent pretrained encoders. Without forgery-specific training,
these representations still exhibit real-fake separation, espe-
cially for Dasheng-1.2B, suggesting that large-scale pretrain-

ing captures natural audio patterns and that lightweight clas-
sifiers can effectively adapt them for audio-visual forgery de-
tection.

Figure 4: t-SNE visualization of audio embeddings from Dasheng-
1.2B and XLS-R. Dasheng-1.2B achieves clearer real-fake separa-
tion while preserving generation-source clusters, indicating more
discriminative audio representations.

5 Conclusion
In this paper, we presented DiFuse, a modality-specific la-
tent realness modeling framework for general AI-generated
audio-video detection. DiFuse separately models audio and
video authenticity using frozen Dasheng and DINOv3 rep-
resentations, with duration-aware audio pooling and class-
conditional feature shuffling for sparse visual evidence learn-
ing. The modality-specific evidence is then fused for four-
class prediction. On the official DDL-GAV test set, DiFuse
achieves a final score of 0.8438, with a binary score of 0.9395
and a four-class score of 0.78, showing the effectiveness of
modality-specific modeling and audio-video fusion. A lim-
itation is that the current evaluation is conducted only on
MVAD, so the generalization to other audio-video forgery
datasets remains to be further validated.
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