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Abstract
AI-generated audio-video synthesis can produce
media in which the visual stream, the audio stream,
or both are manipulated. We formulate AI-
generated audio-video detection as structured pre-
diction over visual and audio authenticity variables,
preserving the semantics of the four joint states:
real–real, fake–real, real–fake, and fake–fake. We
present a single integrated detector comprising a
compact fixed visual expert ensemble, an XLS-R–
LoRA–Mamba audio branch, and a learned log-
linear posterior fusion head. The two branches esti-
mate modality-wise authenticity posteriors, which
are combined using global modality weights and
state-specific offsets for four-state prediction. All
retained visual experts are evaluated for each in-
put; the method does not use dynamic expert rout-
ing. Deterministic audio-video input preparation
is applied before modality-specific inference. Un-
der the official Track 2 evaluation, the final sub-
mitted model achieves a binary score of 0.9396, a
four-class score of 0.7746, and a weighted score
of 0.8406. We additionally provide a descriptive
media-quality audit of the released evaluation pack-
age; this analysis does not constitute a direct ro-
bustness evaluation.

1 Introduction
Recent advances in AI-generated audiovisual synthesis have
made it increasingly easy to create realistic videos, speech,
and synchronized multimedia content. While these capabil-
ities support creative and productive applications, they also
complicate the assessment of media authenticity. In par-
ticular, manipulated audiovisual content need not alter both
modalities simultaneously: a video may contain manipulated
visual content with authentic audio, authentic visual content
with manipulated audio, or manipulation in both streams. De-
tecting that a sample is manipulated is therefore not sufficient
when the practical goal is also to identify which modality has
been affected.

This setting can be represented by two modality-wise au-
thenticity variables: visual authenticity and audio authentic-

ity. Their joint states correspond to real visual–real audio
(RR), fake visual–real audio (FR), real visual–fake audio
(RF), and fake visual–fake audio (FF). The FR and RF cases
are particularly important because they require the detector to
distinguish modality-specific manipulation from joint manip-
ulation. Treating these four states as unrelated classes can ob-
scure their underlying structure. In contrast, modeling them
through visual and audio authenticity variables preserves the
semantic relation between the joint label and its two con-
stituent modalities. This formulation is consistent with the
general audio-video detection setting considered in MVAD
and the IJCAI 2026 Track 2 benchmark [HuMengXue0104,
2026; DDL 2.0 Organizing Committee, 2026].

Existing approaches to AI-generated media detection often
focus on a single modality, such as visual generation traces in
images or videos, or acoustic artifacts in synthesized speech.
Such detectors can be effective when manipulation is con-
fined to their respective input stream, but they do not directly
determine whether a suspicious audio-video sample is visu-
ally manipulated, acoustically manipulated, or manipulated in
both modalities. Multimodal approaches can combine infor-
mation from the two streams, yet the fusion mechanism may
obscure how each modality contributes to the final decision.
This limitation is especially relevant for partial manipulation,
where a strong signal in one modality should not automati-
cally imply that the other modality is also manipulated.

We address this problem through structured posterior pre-
diction. Instead of directly learning four independent class
scores from a joint audio-video representation, SPARSEAVF
first estimates a visual authenticity posterior and an audio
authenticity posterior. The visual branch uses a compact
fixed ensemble of visual experts, while the audio branch com-
bines XLS-R representations, LoRA adaptation, and Mamba-
based temporal modeling. Their outputs are subsequently
combined by a learned log-linear posterior fusion head with
global modality weights and state-specific offsets. The fu-
sion design is intentionally low-capacity: it does not use
sample-dependent routing, adaptive modality reliability esti-
mation, audio-video synchronization features, or correspon-
dence modeling. Rather, it provides a structured mechanism
for mapping modality-wise authenticity evidence to the four
joint states.

The visual expert ensemble is fixed and all retained experts



are evaluated for each input. Thus, the system does not rely
on input-conditioned sparse routing or Top-K expert selec-
tion. We use the term “compact” to describe the bounded,
preselected expert set and its role in reducing reliance on a
single visual decision boundary. Before modality-specific in-
ference, the system applies deterministic audio-video input
preparation, including standardized visual frame processing
and waveform preparation. These operations are intended to
produce consistent inputs for the visual and audio branches;
they are not presented as a direct robustness guarantee.

The final system is submitted as one integrated audio-video
detector. Its official Track 2 evaluation yields a binary score
of 0.9396, a four-class score of 0.7746, and a weighted score
of 0.8406. In addition to reporting the final detection result,
we provide a descriptive media-quality audit of the released
evaluation package. The audit characterizes variation in vi-
sual and acoustic quality indicators, but it is not used as a
training signal, a model-selection criterion, or a direct robust-
ness evaluation.

Our contributions are summarized as follows:

• We formulate AI-generated audio-video detection as
structured prediction over visual and audio authenticity
variables, preserving the semantics of the RR, FR, RF,
and FF states.

• We develop a single integrated detector that combines
a compact fixed visual expert ensemble, an XLS-R–
LoRA–Mamba audio branch, and learned log-linear
posterior fusion.

• We distinguish deterministic media preparation,
modality-specific authenticity prediction, and struc-
tured posterior fusion, and report a descriptive audit
of media-quality variation in the released evaluation
package.

2 Related Work
2.1 Unimodal AI-Generated Content Detection
AI-Generated Image Detection
AI-generated image detection has examined a range of
generator-induced signals, including model-specific arti-
facts, frequency-domain traces, and representation-level cues.
Early work showed that discriminative detectors can identify
synthetic-image traces beyond the generators observed dur-
ing training when suitable data variation is available [Wang et
al., 2020]. Frequency-based studies further investigated spec-
tral deviations associated with common image-generation
pipelines [Frank et al., 2020; Durall et al., 2020]. More recent
work has focused on transfer to previously unseen generators.
For example, Ojha et al. leverage pretrained visual represen-
tations for improved cross-generator generalization [Ojha et
al., 2023], while DIRE uses the discrepancy between an input
image and its diffusion-based reconstruction as a detection
signal [Wang et al., 2023].

These studies indicate that visual authenticity evidence can
vary with the generator family, content domain, representa-
tion, and post-processing conditions. Our visual branch there-
fore uses a compact fixed ensemble of visual experts to aggre-
gate complementary visual predictions. All retained experts

are evaluated for every input; the design is a fixed ensemble
rather than an input-conditioned routing mechanism. Visual-
only approaches, however, cannot determine whether the au-
dio stream of an audio-video sample is authentic.

AI-Generated Audio Detection
AI-generated audio detection has been extensively studied
through spoofing benchmarks such as ASVspoof, which in-
clude variation in synthesis, conversion, replay, recording,
and transmission conditions [Yamagishi et al., 2021]. Many
systems combine spectral and temporal cues to distinguish
bona fide speech from manipulated or synthesized audio.
AASIST, for instance, models heterogeneous spectral and
temporal artifacts through graph-attention-based aggregation
[Jung et al., 2021].

Self-supervised speech models have also become useful
transfer backbones for audio authenticity prediction. XLS-
R provides cross-lingual contextual speech representations
learned from large-scale self-supervised pretraining [Babu et
al., 2021], while LoRA enables parameter-efficient adapta-
tion of pretrained linear transformations [Hu et al., 2021]. Se-
lective state-space models such as Mamba offer an alternative
mechanism for sequence aggregation over long acoustic rep-
resentations [Gu and Dao, 2023]. In our system, these com-
ponents are used to construct an audio authenticity branch.
Audio-only prediction remains insufficient for the present
task because it cannot attribute manipulation to the visual
stream.

2.2 Multimodal AI-Generated Audio-Video
Detection

Multimodal deepfake benchmarks have increasingly consid-
ered settings in which visual and audio streams may be ma-
nipulated jointly or independently. FakeAVCeleb introduced
paired audio-video deepfake data and evaluated unimodal,
ensemble-based, and multimodal detectors [Khalid et al.,
2021b; Khalid et al., 2021a]. AV-Deepfake1M further in-
cludes audio-only, visual-only, and jointly manipulated ex-
amples at larger scale [Cai et al., 2023]. The MVAD bench-
mark and its released competition resources extend this set-
ting to general AI-generated audio-video content across real-
istic and anime styles, multiple content categories, and four
modality-composition states [HuMengXue0104, 2026].

A common direction in multimodal detection is to learn
correspondence or feature interactions between audio and vi-
sual streams. AVFF, for example, learns audio-visual fea-
ture representations before supervised deepfake classification
[Oorloff et al., 2024]. Such approaches can exploit cross-
stream inconsistency when audiovisual correspondence is in-
formative. Our formulation addresses a related but more re-
stricted question: whether visual authenticity, audio authen-
ticity, or both should be assigned as manipulated. It first esti-
mates modality-wise authenticity posteriors and subsequently
maps them to the joint RR, FR, RF, and FF states using a
low-capacity log-linear posterior fusion head.

Accordingly, our method does not claim to model sample-
specific audio-video synchronization, correspondence, or
modality reliability. Instead, it preserves the semantic struc-
ture of partially manipulated samples by making the visual



and audio authenticity variables explicit before joint-state
prediction.

3 Method
3.1 Problem Formulation
Let x = (v, a) denote an audio-video sample, where v and
a denote the visual and audio streams, respectively. We as-
sociate each sample with a visual authenticity variable yv ∈
{R,F} and an audio authenticity variable ya ∈ {R,F}. The
joint authenticity label is defined as

y = (yv, ya) ∈ {RR,FR,RF,FF}, (1)

where the first symbol denotes visual authenticity and the
second symbol denotes audio authenticity. Thus, FR de-
notes manipulated visual content paired with authentic audio,
whereas RF denotes authentic visual content paired with ma-
nipulated audio. The binary target is derived from the joint
state:

ybin = I[y ̸= RR]. (2)
Rather than treating the four joint states as unrelated

classes, SPARSEAVF first estimates modality-wise authentic-
ity posteriors pv(yv | v) and pa(ya | a), and subsequently
predicts the joint posterior p(yv, ya | v, a). This formulation
preserves the semantic relation between partial manipulation
and its affected modality, while allowing visual, audio, and
fusion errors to be inspected separately.

3.2 Framework Overview
Figure 1 presents the overall architecture. Raw audio-video
input first undergoes robustness-oriented audio–visual prepa-
ration. The visual branch estimates visual authenticity from
prepared video frames using a compact fixed set of visual
experts, whereas the audio branch estimates audio authen-
ticity from a prepared waveform. A low-capacity posterior
fusion head subsequently combines the modality-wise poste-
riors and predicts the four joint authenticity states.

The preparation stage separates deterministic media nor-
malization, decoder-failure handling, and stochastic audio
augmentation used during training only. The modality-
specific branches are optimized with binary authenticity la-
bels. Their posterior estimates are subsequently used by the
fusion head, which is optimized with four-state labels.
Robustness-Oriented Audio–Visual Preparation. AI-
generated traces may be affected by heterogeneous decoding,
spatial resolution, temporal duration, channel response, and
media-delivery conditions. We therefore apply an input
preparation procedure before modality-specific inference.
The procedure standardizes media representations and
exposes the audio branch to selected training-time pertur-
bations. It does not alter the four-state label definition or
provide a direct guarantee of robustness under arbitrary
real-world degradation.
Visual-stream preparation. Let V denote a decoded video
containing N frames. For a target length T , the visual
pipeline selects uniformly distributed frame indices:

τt =

⌊
t− 1

max(T − 1, 1)
(N − 1)

⌋
, t = 1, . . . , T. (3)

Audio–Video Input x = (v, a)

Robustness-Oriented Audio–Visual Preparation

Visual preparation
frame sampling / resize / normalization

Visual expert branch
DINO-based experts

multi-scale / robustness-oriented training

Visual authenticity posterior
pv(yv | v)

Audio preparation
waveform preparation / segment extraction

Audio expert branch
XLS-R + LoRA

Mamba temporal modeling

Audio authenticity posterior
pa(ya | a)

Calibrated factorized fusion
syv,ya = β log pv(yv | v) + α log pa(ya | a) + byv,ya

Four-state posterior p(yv, ya | v, a)
RR FR RF FF

Binary manipulation score: 1 − p(RR | v, a)

Figure 1: Overview of SPARSEAVF. Robustness-oriented audio–
visual preparation standardizes video and waveform inputs before
modality-specific inference. The visual and audio branches es-
timate authenticity posteriors independently, and posterior fusion
maps them to the four joint states.

For each selected index, the implementation converts the de-
coded BGR frame to RGB, applies linear-interpolation resiz-
ing, and normalizes pixel values to [0, 1]:

ṽt =
1

255
ResizelinearH×W (RGB (Decode(V, τt))) . (4)

The final visual pipeline uses H = W = 384. If an indi-
vidual frame cannot be decoded, the most recent valid frame
is reused when available. If no valid frame is available, a
zero-valued frame is inserted to preserve a well-defined input
tensor. These fallback rules are deterministic input handling
operations rather than data augmentation.

The resulting visual input is

ṽ = [ṽ1, . . . , ṽT ] ∈ RT×3×H×W . (5)

This procedure standardizes frame count, spatial resolution,
channel ordering, and invalid-frame handling before visual
authenticity prediction.
Audio-stream preparation and augmentation. The audio
pipeline first decodes each signal as a mono 16-kHz wave-
form. During audio-expert training, stochastic waveform
augmentation is applied before fixed-length segment con-
struction. The augmentation policy samples at most one op-
eration from each of three ordered groups:

â = AC(AB(AA (Mono16k(a)))) , (6)

where AA denotes channel and filtering perturbations, AB

denotes additive-noise perturbations, and AC denotes mask-
based perturbations.

The first group samples from RawBoost-style convolutive
or impulsive distortion, low-pass filtering, band-pass filtering,



and room impulse response convolution. The second group
samples from white Gaussian noise, low-frequency rumble
noise, and background-noise mixing. The third group applies
either no operation or a SpecAugment-style masking opera-
tion. Restricting the policy to at most one perturbation from
each group limits the number of simultaneously applied trans-
formations while exposing the audio branch to variation in
channel response, noise floor, and local signal observability.
The original authenticity label is retained when an augmenta-
tion is sampled.

After augmentation, the waveform is converted to a fixed-
duration segment. Let La = 4 × 16000 denote the target
number of samples. For a waveform shorter than La, repeti-
tion and truncation are used:

ã = RepeatTrim(â, La). (7)

For a waveform longer than La, a contiguous segment is se-
lected:

ã = Crop(â, s, La), (8)
where s is sampled from the valid range of segment starts
during training. At evaluation time, stochastic augmentation
is disabled, while mono conversion, resampling, and fixed-
duration waveform construction are retained.

3.3 Visual Expert Model
Visual traces associated with AI-generated images and videos
can vary across generation pipelines, content types, and post-
processing conditions. To reduce reliance on a single visual
decision boundary, the visual branch contains a compact fixed
set of DINO-based expert classifiers:

S = {E1, . . . , EM}. (9)

The retained experts differ in their pre-specified model scale
and training configuration. All M experts are evaluated
for every input. Thus, the ensemble does not use input-
conditioned routing, Top-K selection, or dynamic expert ac-
tivation.

For a prepared frame ṽt, expert Em produces a
manipulated-image probability:

qt,m = σ
(
gm(Em(ṽt))

)
, (10)

where gm is a binary classification head. Frame-level scores
are pooled within each expert:

qm = P({qt,m}Tt=1), (11)

where P denotes the configured temporal pooling rule. The
expert outputs are then combined through a fixed aggregation
function A:

qv = A(q1, . . . , qM ),

pv(F | v) = qv, pv(R | v) = 1− qv.
(12)

Visual expert training. Let Dv = {(Vi, y
(i)
v )}Nv

i=1 denote
the visual training set, where ỹ

(i)
v = I[y(i)v = F ] is the cor-

responding binary visual-authenticity label. Each expert is
trained with its fixed configuration using the same frame-level
scoring and video-level pooling formulation adopted at infer-
ence.

Algorithm 1 Training a visual expert Em

Input: Visual dataset Dv; expert Em; classifier gm; frame sampler
T ; pooling rule P

Output: Trained expert parameters Θm

1: for each training epoch do
2: for mini-batch B ⊂ Dv do
3: for all (Vi, y

(i)
v ) ∈ B do

4: {ṽi,t}Tt=1 ← T (Vi)
5: qi,t,m ← σ(gm(Em(ṽi,t))) for t = 1, . . . , T
6: qi,m ← P({qi,t,m}Tt=1)
7: end for
8: L(m)

v ← 1
|B|

∑
i∈B BCE(qi,m, ỹ

(i)
v )

9: Update Θm using∇ΘmL
(m)
v

10: end for
11: end for
12: return Θm

The compact ensemble is intended to preserve complemen-
tary visual predictions while maintaining a fixed and analyz-
able inference structure. It should therefore be interpreted as
a fixed ensemble, rather than a dynamically routed mixture-
of-experts model.

3.4 Audio Expert Model
Audio manipulations may leave weak and temporally dis-
tributed traces in spectral structure, prosody, and longer-range
acoustic continuity. The audio branch combines contextual
speech representations with temporal sequence modeling.

Given a prepared waveform ã, XLS-R extracts contextual
acoustic features:

H = FXLS−R(ã; θ,∆θ) ∈ RL×ds , (13)

where L is the number of acoustic frames and ds is the feature
dimension. XLS-R is a self-supervised cross-lingual speech
model built on wav2vec 2.0 pretraining [Babu et al., 2021].
It provides contextual acoustic representations that can be
adapted for audio authenticity prediction.

We adapt selected linear transformations with low-rank
adaptation (LoRA) [Hu et al., 2021]. For a frozen weight
matrix W ∈ Rdout×din , the adapted transformation is

W̃ = W +
λ

r
BA, (14)

where A ∈ Rr×din and B ∈ Rdout×r are trainable low-rank
matrices, r is the adaptation rank, and λ is a scaling factor.

The adapted features are projected into a task-specific se-
quence:

X = HWp + bp. (15)

Mamba then contextualizes the sequence through selective
state-space updates [Gu and Dao, 2023]. A simplified update
is

ht = Atht−1 +Btxt, zt = Ctht +Dxt, (16)

where At, Bt, and Ct depend on the current input. In
SPARSEAVF, Mamba serves as a temporal aggregation com-
ponent over contextualized XLS-R representations; it is not
introduced as a new state-space formulation.



Algorithm 2 Training the audio expert
Input: Audio dataset Da; pretrained XLS-R FXLS−R; LoRA pa-

rameters ∆θ
Output: Trained audio parameters Θa

1: Freeze the base XLS-R parameters θ
2: Initialize Θa = {∆θ,Wp,bp,ΘMamba,Wa,ba}
3: for each training epoch do
4: for mini-batch B ⊂ Da do
5: for all (ai, y

(i)
a ) ∈ B do

6: ãi ← PrepareAudio(ai)
7: Hi ← FXLS−R(ãi; θ,∆θ)
8: Xi ← HiWp + bp

9: Zi ← Mamba(Xi; ΘMamba)
10: ui ← [Mean(Zi);Max(Zi)]
11: pa,i ← softmax(Waui + ba)
12: end for
13: La ← 1

|B|
∑

i∈B CE(pa,i, y
(i)
a )

14: Update Θa using∇ΘaLa

15: end for
16: end for
17: return Θa

The resulting sequence Z = [z1, . . . , zL] is summarized
through mean and max pooling:

u =

[
1

L

L∑
t=1

zt ; max
t=1,...,L

zt

]
. (17)

The audio authenticity posterior is

pa(ya | a) = softmax(Wau+ ba), ya ∈ {R,F}.
(18)

Audio expert training. Let Da = {(ai, y(i)a )}Na
i=1 denote

the audio training set. The pretrained XLS-R backbone pro-
vides the initial acoustic representation, while the LoRA pa-
rameters, projection layer, Mamba module, and audio classi-
fier are optimized for audio authenticity prediction.

3.5 Sparse Audio–Visual Fusion
The visual component of SPARSEAVF uses a compact pres-
elected expert set, and every retained expert is evaluated for
every input. The system does not use input-conditioned Top-
K routing or dynamic expert selection. Its purpose is to main-
tain a bounded set of complementary visual predictors whose
outputs remain explicit and analyzable.

After modality-specific prediction, the visual and audio
branches produce posterior estimates for each paired sample.
The fusion stage maps these modality-wise posteriors to the
four joint authenticity states using a global log-linear formu-
lation. It is intentionally low-capacity: it does not use raw
feature concatenation, cross-attention, temporal synchroniza-
tion, sample-specific modality quality, or input-dependent
modality weighting.

Let α, β > 0 denote global audio and visual weights, re-
spectively, and let byv,ya denote a state-specific offset. For
each joint state (yv, ya), the fusion score is

syv,ya
= β log

(
pv(yv | v) + ϵ

)
+ α log

(
pa(ya | a) + ϵ

)
+ byv,ya

,
(19)

where ϵ is a small numerical constant. The joint posterior is

p(yv, ya | v, a) = softmax ({syv,ya}yv,ya) , (20)

and the binary manipulated probability is

p(ybin = 1 | v, a) = 1− p(RR | v, a). (21)

When α = β = 1 and all state-specific offsets are equal,
the formulation reduces to a normalized product of the vi-
sual and audio posterior probabilities. The global weights and
state-specific offsets therefore provide posterior reweighting
rather than sample-adaptive cross-modal interaction.
Fusion optimization. The fusion head is trained with four-
class cross-entropy:

Lfus = − log p(yv, ya | v, a). (22)

This formulation uses modality-wise posteriors as inter-
pretable fusion inputs rather than an unconstrained concate-
nation of hidden representations. The fusion weights are
shared across examples; therefore, the present model does
not estimate sample-specific modality reliability or audiovi-
sual correspondence.

4 Experiments
4.1 Benchmark, Task, and Official Metrics
We evaluate SPARSEAVF on the Track 2 benchmark for gen-
eral AI-generated audio-video detection. The competition
uses the released MVAD resources, whose repository identi-
fies MVAD as the official dataset for the IJCAI 2026 DDL 2.0
Competition Track 2 [HuMengXue0104, 2026]. The bench-
mark covers realistic and anime-style content, as well as hu-
mans, animals, objects, and scenes. Each sample belongs to
one of four modality-composition states: real visual–real au-
dio (RR), fake visual–real audio (FR), real visual–fake audio
(RF), or fake visual–fake audio (FF).

The current MVAD repository reports 205,758 multimodal
video-audio samples generated by more than twenty genera-
tion methods [HuMengXue0104, 2026]. Its repository-wide
composition contains 101,000 RR samples, 10,700 FR sam-
ples, 31,880 RF samples, and 62,178 FF samples. These
repository-level counts indicate substantial class imbalance,
but they should not be interpreted as the class distribution of
the released competition package used for final evaluation.

The FR and RF states isolate visual and audio manipula-
tion, respectively, whereas FF requires evidence from both
streams. Binary detection therefore distinguishes RR from
the union of FR, RF, and FF, while four-state recognition
additionally requires modality attribution. The official Track
2 protocol reports AUC, accuracy, F1, and AP for binary and
four-class tasks. Its final score combines binary and four-
class scores with weights of 0.4 and 0.6, respectively [DDL
2.0 Organizing Committee, 2026].
Metric scope. We reproduce the aggregate values reported
by the official scorer and retain its metric definitions and av-
eraging conventions. The available official output does not
provide per-class precision, recall, F1, AP, or a four-state con-
fusion matrix. Consequently, the results below are not used
to claim a specific improvement for RR, FR, RF, or FF in-
dividually.



Table 1: Benchmark and evaluation characteristics relevant to this
study. Repository-scale statistics are cited from the released MVAD
resource; audit coverage refers to the competition package analyzed
in this work.

Property Description

Benchmark resource MVAD repository / DDL-GAV
Competition role Official dataset for Track 2
Repository scale 205,758 audio-video samples
Generation coverage More than 20 generation methods
Authenticity states RR, FR, RF, and FF
Repository composition 101,000 RR; 10,700 FR; 31,880 RF;

62,178 FF
Audit coverage 11,557 released test videos
Evaluation tasks Binary detection; four-state recogni-

tion
Official metrics AUC, ACC, F1, and AP
Score weighting 0.4 binary + 0.6 four-class

Table 2: Final-pipeline configuration reported in this paper.

Component Configuration

Visual input 384× 384, 24 frames/video
Audio input Mono, 16 kHz, 4-s segment
Visual branch Compact fixed visual expert ensemble
Audio encoder XLS-R with LoRA adaptation
Temporal audio model Mamba
Visual aggregation Fixed aggregation over retained ex-

perts
Fusion input Visual and audio authenticity posteri-

ors
Fusion form Global log-linear posterior fusion
Fusion target Four-state authenticity label
Model selection Validation-set criterion

4.2 Implementation Configuration and Evaluation
Scope

The final submission is one integrated audio-video detector.
It combines a compact fixed visual expert ensemble, an XLS-
R–LoRA–Mamba audio branch, and structured posterior fu-
sion. The visual branch receives 24 sampled RGB frames at
384 × 384 resolution. The audio branch operates on mono
16-kHz waveforms and uses 4-s waveform segments.

The modality-specific branches are optimized using their
corresponding binary authenticity labels. The fusion head
is subsequently optimized using four-state labels, as de-
scribed in Section 3. The final checkpoint is selected using
a validation-set criterion. The official result is treated as a
final competition evaluation outcome.
Scope of the reported comparison. The present paper
reports the official result of the final integrated system.
Development-stage configuration tests were used during sys-
tem construction, but they do not constitute matched con-
trolled ablations: their configurations do not isolate only one
factor while holding the visual branch, audio branch, data
split, optimization schedule, and checkpoint-selection pro-
cedure fixed. We therefore do not use such internal tests
to attribute a numerical gain specifically to posterior fusion,

Table 3: Official evaluation of the final single submitted model.

Task AUC ACC F1 AP Score

Binary 0.9480 0.9187 0.9184 0.9691 0.9396
Four-state 0.8810 0.8273 0.6726 0.7191 0.7746

Final weighted score 0.8406

LoRA adaptation, Mamba temporal modeling, or the visual
expert ensemble.

4.3 Descriptive Media-Quality Audit
The released competition package contains substantial
media-quality variation in addition to authenticity variation.
We conduct a descriptive no-reference audit over 11,557 re-
leased test videos. Figure 2 uses an active-label threshold of
20 and groups diagnostic severity into light (1–34), moder-
ate (35–69), and severe (70–100). The indicators are non-
exclusive: one video may activate multiple visual and audio
diagnostics.

Compression is the most prevalent visual diagnostic
(79.74%), followed by visual noise (44.22%) and resolution
loss (29.51%). For audio, noise floor (76.94%) and low-pass
loss (63.30%) are common, while mono conversion (45.44%)
and downsampling (45.37%) occur almost entirely in the se-
vere band. These measurements characterize media-quality
variation in the released package; they do not establish that
a sample is manipulated, nor do they validate the diagnostic
categories as ground-truth degradation labels.

The audit is used only for post-hoc description. It does
not provide training labels, validation criteria, fusion parame-
ters, threshold selection, model-selection signals, or test-time
adaptation. In particular, splice suspected denotes a
possible splice or abnormal transition identified by the diag-
nostic procedure and is not a manual splice annotation. Since
no model accuracy is reported within the audit strata, the au-
dit should not be interpreted as a direct robustness evaluation.

4.4 Official Evaluation of the Final Submitted
Model

The competition permits one submitted model per track. Ac-
cordingly, the following results correspond to the single in-
tegrated detector described in Section 3. The official scorer
reports 0.9480 AUC, 0.9187 accuracy, 0.9184 F1, and 0.9691
AP for binary detection. For four-state recognition, it reports
0.8810 AUC, 0.8273 accuracy, 0.6726 F1, and 0.7191 AP.
Interpretation of the official result. The final submitted
system obtains a weighted official score of 0.8406. The four-
state score contributes more strongly to this objective because
of the organizer-defined 0.4/0.6 binary/four-state weighting.
The reported four-state result is consistent with the intended
role of structured posterior fusion: the system first estimates
visual and audio authenticity separately, then maps their com-
bination to the joint state space.

This interpretation is limited in scope. The official out-
put is aggregate and does not identify which state contributes
most to the four-state result. It also does not establish that the
global fusion weights model sample-dependent audio-video



Released Test Package: Media-Quality Audit
11,557 videos — active indicator ≥ 20 — severity: light (1–34), moderate (35–69), severe (70–100)

Visual / video diagnostics Audio diagnostics
Indicator Severity L / M / S Prev. Indicator Severity L / M / S Prev.
Compression 6,985/2,957/1 79.74%

Noise 3,193/2,015/1,199 44.22%

Resolution loss 1,298/899/1,325 29.51%

Possible splice 438/427/994 14.96%

Darkening 693/589/182 9.98%

Color cast 804/449/266 9.67%

Saturation shift 355/234/110 4.59%

Black border 314/134/51 2.74%

Low frame rate 14/145/26 1.58%

Duplicate frames 46/24/10 0.57%

Blur 25/8/0 0.18%

Noise floor 1,572/2,708/5,207 76.94%

Low-pass loss 2,172/978/5,824 63.30%

Mono 0/0/5,251 45.44%

Downsampling 0/0/5,243 45.37%

Low volume 1,769/1,141/438 21.71%

Low-frequency rumble 731/611/1,017 17.29%

Missing audio 0/0/242 2.09%

Invalid media 0/0/1 0.01%

Light (1–34) Moderate (35–69) Severe (70–100) Indicators are non-exclusive no-reference diagnostics; prevalence uses the active-label criterion.

Figure 2: Descriptive no-reference media-quality audit over the released competition package (11,557 videos). Bars show light, moderate,
and severe diagnostic counts; the rightmost column gives prevalence under an active-label threshold of 20. Indicators are non-exclusive and
are not manual degradation or authenticity labels.

correspondence, modality quality, or reliability. Similarly, the
descriptive media-quality audit does not establish robustness
under compression, noise, resampling, or other degradation
conditions. These questions require matched ablation, per-
class, and degradation-stratified evaluations beyond the ag-
gregate official output reported here.

5 Conclusion
This work formulates AI-generated audio-video detection as
structured joint prediction over visual and audio authenticity.
The formulation explicitly represents the real–real, fake–real,
real–fake, and fake–fake states, thereby preserving modality-
wise semantics when manipulation affects only one stream.

The proposed single integrated detector combines a com-
pact fixed visual expert ensemble with an XLS-R–LoRA–
Mamba audio branch. It first produces modality-wise authen-
ticity posteriors and then maps them to the four-state label
space through a global log-linear posterior fusion head. This
design provides an interpretable separation between visual
evidence, audio evidence, and joint-state prediction, while
avoiding the assumption that all manipulated samples exhibit
the same audio-video composition.

Under the official Track 2 evaluation, the final submitted
model achieves a binary score of 0.9396, a four-state score
of 0.7746, and a weighted score of 0.8406. We additionally
provide a descriptive media-quality audit of the released eval-
uation package to characterize variation in visual and acoustic
quality indicators. This audit is not used for training, model
selection, or direct robustness evaluation.

The current framework has several limitations. The visual
expert set is fixed and does not perform input-conditioned
routing. The fusion head uses globally shared modality

weights and state-specific offsets; it does not model sample-
specific modality reliability, audiovisual correspondence, or
synchronization. Moreover, the available official output pro-
vides aggregate four-state metrics rather than per-class re-
sults, so it does not support state-specific conclusions for FR
or RF. Future work should examine controlled fusion abla-
tions, out-of-fold fusion training, per-state evaluation, robust-
ness under controlled media degradation, and generalization
to unseen generators, languages, and real-world transmission
conditions.
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