Omni-Fake: Benchmarking Unified Multimodal Social Media
Deepfake Detection
Supplementary Material

Overview of Supplementary Material

In this supplementary document, we provide:

« S1. Extended Experimental Results: extra quantitative
results, including explanation quality, replay ratio abla-
tion, and RL reward design.

* S2. Dataset statistics: core statistics of the OMNI-FAKE
benchmark across modalities and splits.

¢ S3. Implementation Settings: key details of the training
setup for SFT and GSPO-based RL.

* S4. Case Studies and Representative Samples: qual-
itative examples with visualizations of masks, inter-
vals, textual explanations, and representative samples
from OMNI-FAKE-SET and OMNI-FAKE-OOD across
all modalities.

S1. Extended Experimental Results

We report additional experiments on explanation quality,
the effect of replay ratios during multimodal training, and
the RL reward used for alignment.

S1.1 Explanation Study

We evaluate explanations using ROUGE-L (longest com-
mon subsequence F-measure), cosine semantic similarity
(CSS) between sentence embeddings, and human expert rat-
ings on a 1-5 scale for factual correctness and usefulness.
ROUGE-L reflects lexical and structural overlap, CSS cap-
tures semantic similarity, and human scores provide a direct
assessment of explanation quality.

Table 1 reports results for images, audio, generic videos,
and audio-visual talking-head clips. CSS is high across
modalities, ROUGE-L is moderate due to paraphrasing, and
human scores are above 4 on average, indicating that expla-
nations are generally accurate and informative.

Table 2. Replay ratio ablation on the Audio— Image two-modality
training setup.

Replay Ratio Avg. ACC (1) Avg. IoU (1)
0% 70.19 31.72
5% 75.35 33.42
10% 78.14 36.07
15% 80.45 39.49
30% 79.86 37.31

Table 1. Explanation quality across modalities.

Automatic metrics Human experts

Modality ROUGE-L (1) CSS (1) Mean score (1)
Image 0.41 0.79 4.39
Audio 0.32 0.70 4.27
Video 0.37 0.72 4.21
AV-TH 0.45 0.86 4.52

S1.2 Replay Ratio Ablation

We study replay in a two-modality curriculum (Au-
dio — Image). The model is first trained on audio
only, then on images while replaying a proportion p €
{0%, 5%, 10%, 15%, 30%} of audio data. We evaluate the
final model with the average detection ACC and average lo-
calization IoU over both modalities.

Table 2 shows that very small replay (0-5%) slows but
does not prevent forgetting; a large ratio (30%) protects
early modalities but harms learning of later ones; ratios
around 10-15% give the best trade-off. We therefore use
15% replay in all experiments.

S1.3 RL Reward Design

In the RL alignment stage, we optimize a composite reward
T(SL’, y) = AMmtTmt + AaccTace T AbboxTbbox + AintTine, (1)

where:



* 7y checks output format <t hink> and <answer> tags
and field validity.
* 1, measures global classification correctness for REAL
/ TAMPERED / FULLY SYNTHETIC or REAL / FAKE.
* Tppox Scores spatial localization via box IoU.
* 7in scores temporal localization via interval IoU.
We set

Afmt = 0.3, Aace = 1.0, Abbox = 1.0, Aint = 1.0,

balancing structural correctness and global decisions, while
putting stronger weight on localization quality. This con-
figuration yields stable RL training and consistent gains in
detection and localization.

S2. Dataset Statistics

We summarize core statistics of OMNI-FAKE across
four modalities (images, audio, videos, and audio—visual
talking-head clips) and three label types (REAL, FULLY
SYNTHETIC, TAMPERED), for both the in-distribution
OMNI-FAKE-SET and out-of-distribution OMNI-FAKE-
OOD splits.

These statistics show that OMNI-FAKE is large-scale,
spans multiple modalities and manipulation types, and in-
cludes a substantial OOD split, making it suitable for evalu-
ating unified multimodal deepfake detectors under distribu-
tion shifts.

S3. Implementation Settings

All experiments are conducted on a single node with
4xNVIDIA H20 96GB GPUs using PyTorch, Deep-
Speed ZeRO-2 and FlashAttention-2. Our base model is
Qwen/Qwen2.5-Omni-7B, which is first fine-tuned with
LoRA rank 16, o = 32, dropout 0.05 on the merged Omni-
Fake SFT dataset. We then apply GSPO-based reinforce-
ment learning on the RL-formatted multimodal data, using
the composite reward described above. Hyperparameters
follow standard large-model training practice and empha-
size stability rather than aggressive tuning. The complete
training process requires approximately 100 GPU-hours on
the H20 system.

S4. Case Studies

We present qualitative case studies across all modalities to
illustrate how our unified multimodal detector reasons about
real, fully synthetic, and tampered media. The examples
cover challenging boundary cases and highlight the model’s
strengths in fine-grained spatial localization, temporal inter-
val detection, and detailed natural-language explanations.
Across modalities, our method consistently identifies sub-
tle inconsistencies such as texture misalignment, unnatu-
ral temporal dynamics, or cross-modal desynchronization
while avoiding false alarms on high-quality real content.

For images and videos, our detector produces accurate
bounding boxes on small manipulated regions and explains
the visual cues behind each decision. Audio and AV-
talking-head cases demonstrate the model’s ability to de-
tect synthetic speech artifacts, temporal editing, and audio—
visual mismatch. These examples show that the model not
only outputs correct labels but also provides grounded, in-
terpretable reasoning aligned with human perception. Such
qualitative evidence complements our quantitative results
and demonstrates the robustness and transparency of our
unified approach.

In addition, we also present representative samples from

OMNI-FAKE-SET and OMNI-FAKE-OOD to illustrate the
visual and distributional diversity of the benchmark, as well
as the high quality of the underlying data.
Limitation and future work. While Omni-Fake covers
four major modalities, it does not yet include some emerg-
ing formats such as 3D avatars or multilingual speech syn-
thesis, which may become increasingly relevant as genera-
tive models advance. In addition, although the benchmark
incorporates diverse manipulation types, the landscape of
generative technologies evolves rapidly, and newly emerg-
ing manipulation styles may still fall outside its current
scope. We view these points as natural directions for fu-
ture expansion to keep Omni-Fake aligned with the growing
diversity of real-world multimodal deepfakes.



Table 3. Table S1.1: Number of samples per modality, label type, and split in OMNI-FAKE. The left block shows counts for the in-
distribution OMNI-FAKE-SET, while the right block shows counts for the out-of-distribution OMNI-FAKE-OOD.

OMNI-FAKE-SET OMNI-FAKE-OOD

Modality REAL FULLY SYNTHETIC TAMPERED Total REAL FULLY SYNTHETIC TAMPERED Total
Image 232,000 224,000 336,000 792,000 32,000 32,000 34,000 98,000
Audio 40,000 40,000 40,000 120,000 40,000 40,000 20,000 100,000
Video 100,000 100,000 10,000 210,000 1,000 1,000 1,000 3,000
AV-TH 7,500 7,500 0 15,000 4,000 4,000 0 8,000
Total 379,500 371,500 386,000 1,137,000 77,000 77,000 55,000 209,000
|-----------------------------------------------------------------------'I

@ |1 "Please carefully describe the content of this image and classify it as REAL, TAMPERED, or 1

-' FULL_SYNTHETIC..Additionally, if the image is TAMPERED output the one bbox to depict the tampered area” i

<1'hmk> The image shows a serene mountain landscape with a snow-capped peak in the background,
! dense green trees along the far shore, and a calm lake in the middle reflecting the mountain and
clouds. In the foreground, there are pink wildflowers and detailed green foliage at the water's
edge. Visual cues suggest the image is an authentic photograph, textures of leaves, grass, and
flowers are rich and varied; the reflection in the lake aligns naturally with the mountain and sky,
including slight ripples that subtly distort the reflection; lighting and shadows are consistent
across the scene, with soft highlights on the clouds and mountain snow; depth of field transitions
smoothly from the sharp foreground flowers to the slightly softer distant trees and mountain; and
there are no visible artifacts, unnatural edges, or blending seams that would indicate AT generation
or local manipulation. </think>
<answer> REAL </answer>

N

l<1'hmk> The image shows a smiling man and woman standing close together indoors, holding a birthday cake®
1 with a single lit candle. In the softly lit background, there is a couch, a lamp, and faint decorations and
1 people, giving the feeling of a cozy celebration. Although it looks very realistic at first glance, several 1
I visual cues suggest it is AI-generated rather than a genuine photograph. The skin of both people appears |
! umfor‘mly smooth and slightly plastic-like, with very few natural imperfections or pores. The lighting and |
!'glow from the candle are overly controlled and evenly distributed, without the subtle, irregular spill and 1
color shift real candlelight typically creates on nearby faces and objects. Hair strands, especially around 1
the edges, look too cleanly separated and slightly stylized rather than exhibiting the tiny flyaway strands |
| land irregularities common in real photos. Background elements and the person behind them have a slightly !
| soft, generalized look that lacks fine detail, as if they were rendered with less emphasis than the main

| subjects. These consistent, idealized patterns and the absence of typical photographic noise or minor

1 optical flaws indicate that the entire image is generated by AT rather than captured with a

1 camera.</think>

\canswer> FULL_SYNTHETIC </answer> ;

=

[ <think> The image shows a white cat with dark patches standing on top of alarge, textured rock in an

1 outdoor garden or park. The background contains green grass, bushes, and some trees, with natural

1 sunlight creating soft shadows. The scene overall appears consistent with a real photo: textures on the

1 rock and ground are irregular and detailed, the blur in the background is natural, and there are no visible

I seams or artifacts around the environment. However, the cat itself shows signs of AT generation and

I compositing. The fur texture is slightly too smooth and uniform in some regions, with an overall rendered

! look compared to the more grainy texture of the rock. The edges around the cat's body and ears are
unnaturally clean, lacking the tiny stray hairs and subtle edge softness typically seen when an animal is

! photographed against a bright background: the shadows and contact points are not perfectly aligned with
the rock's surface irregularities. These cues indicate that only the cat region has been replaced by AT

| while the rest of the scene is real, so the image is classified as TAMPERED. The tampered area is

| approximately within bounding box <|box_start|>(129,80),(282,248)<|box_end|></think>

\«answer> TAMPERED, <|box_start|>(129,80),(282,248)|box_end|> </answer>

L U

Figure 1. Image case studies with REAL, TAMPERED, and FULLY SYNTHETIC examples, including predictions, localization for
TAMPERED, and explanations.



oM “Pleose carefully describe the content of this video and classify it as REAL, TAMPERED, or !
-' FULL_SYNTHETIC..Additionally, if the video is TAMPERED output the one bbox to depict the tampered area” |

l<1'hmk> The video shows a close-up view of a plate with a sliced bread roll, a dollop of jam, \|
'and a portion of cream on a floral-patterned dish, placed on a blue-and-white checkered 1
!'tablecloth. Throughout the clip, the motion of the hands, spoon, cup, and bread is temporally 1
smooth and physically consistent. The lighting remains stable from start to finish, with soft, 1
, consistent shadows and specular highlights on the ceramic cup and the glossy jam; there are !
| no abrupt changes in brightness or color that would suggest compositing or AI inpainting.
}=>| Textures such as the glaze of the plate, and the weave of the tablecloth all remain detailed
1.and coherent across the video. Edge boundaries between objects appear clean but naturally
I'soft, with no halos, double edges, or mask seams. Taken together, the natural human motion,
! consistent lighting and shadows, stable textures, and lack of compositing artifacts strongly
support that this is an authentic, unmanipulated recording. </think>
\<answer> REAL </answer>

“¢think> The video shows a small white rabbit sitting in bright green grass, mbblmg ona
purple wildflower. The rabbit remains in an almost identical pose, no natural micro-
movements such as breathing motions, or fur vibration. The rabbit's fur texture appears
uniformly smooth and overly denoised. The edges of the rabbit's body, show unnaturally
clean transitions into the background, without the fine sub-pixel fur fringing typically
visible in high resolution real video. The lighting on the rabbit does not match the
environment precisely, while the background contains complex light scattering and uneven
exposure, the rabbit's surface illumination looks too uniform and rendered. The surrounding
grass also displays repeated patterns, overly soft depth of field, and artificially smooth
color gradients. Across the clip, there is no temporal variation in background bokeh or
dynamic grain; instead, textures remain frozen in place, which is typical of fully synthetic
sequences rather than natural video capture. These consistent signs indicate that the
entire video is AI-generated rather than recorded from a real scene. </think>

Janswer> FULL_SYNTHETIC </answer>

FULL_SY
NTHETIC

.______________§

l<'rh|nk> The video shows a close-up of an orange flower on a thin green stem against a dark
1green background. A yellow butterfly is perched on top of the flower, its wings upright and
1slightly angled to the side. The stem and flower move very subtly and consistently. Their
1 textures remain stable across the video with fine details in the petals and stem, and there
lare no visible artifacts around them. In contrast, the butterfly exhibits several signs of AI-!
' based insertion. Its wing texture looks overly smooth and painted. The edges of the wings
. !'show a faint halo and inconsistent blending with the background. The transparency and blur |
» }:> of the far wing change irregularly between frames, producing a slight temporal shimmer that
Idoes not match the otherwise stable background and flower. Moreover, while the flower and 1
| stem show realistic micro-motions, the butterfly’s body remains almost rigid with only subtle ]
1stylized wing flickers. These inconsistencies indicate that the butterfly region has been [
I synthetically generated, approximately within bounding box :
l<|box_start|>(366,430),(678,648)|box_end|></think> |
'<answer-> TAMPERED, <|box_start|>(366,430),(678,648)<|box_end|> </answer> ;

Figure 2. Video case studies with REAL, TAMPERED, and FULLY SYNTHETIC videos, showing key frames, predictions, and tampered-
region localization for TAMPERED.



0] r“Please carefully describe the content of this audio and classify it as REAL, TAMPERED, or i
@ ) FULL_SYNTHETIC..Additionally, if the audio is TAMPERED output the one interval to depict the tampered area” !

1 spoken female narrator whose voice is delicate and slightly airy, as if she is calmly describing a
"""" = 1scenic view. The recording exhibits a consistent background tone with no noticeable changes in
.|I|||.|. 1 Iroom ambiance, indicating a stable recording environment. The speaker’s voice has a natural
1 I timbre and resonance, and there are no audible artifacts that would suggest splicing or heavy
}:>: post-processing. The prosody flows smoothly and organically, without the overly uniform or
1

"The bluish water I {*-%)

(
1
1
1
1
1
1
1

SIS

of the same I m robotic cadence typically associated with vocoder or TTS systems. Breathing sounds are subtle
shade as the hazy! , but present and align naturally with the phrasing of the sentence, matching human speech
sky flows past yet, | patterns. Overall, the clip maintains a cohesive, natural quality from start to finish, with

1 Icannot tell how | 1 consistent room tone, stable voice characteristics, and an absence of synthetic, indicating an

| it moves me." 1 1authentic human recording. </think>

Semmmmm-- ’ ‘answer> REAL </answer> _ _ _ _ _ _ _ _ _ oo mm e m——————

- f<think> The audio contains a single spoken English sentence. The voice is presented in the 'rone\l
1 yof a calm, steady middle aged woman. Measured pacing, slightly lowered pitch, and a composed |
1
1

{ l|||||l|l
|
1

" there is 1

1storytelling style as if she is describing an unusual plant behavior. Although the speech sounds |
1structurally coherent, several acoustic cues reveal that it is not a genuine human recording.
1 The voice exhibits a faint metallic, buzzy resonance throughout the mid-frequency band, a
FULL_SY { il:lpgosfegl to be'lf:( :» }=>' common artifact of TTS and neural voco)clier‘s. The onsets gnd offsets of con‘ionan¥s display
NTHETIC : algen;iﬁv:wel:m" e,l z Vhighly regular attack characteristics, lacking the slight fluctuations caused by breath
I that can beppu'l' to! :pressur‘e, articulator movement, and varying microphone distance that are present in real
1Speech. Taken together, these features indicate that the audio is not natural speech but is

1 1
:Ilz;?ns):);’:fv ery 1 |instead fully generated by an AT speech synthesis system. </think>
1
I\ delicate fune." |:uzs::e_ro_Ft)I._L__S:/[\_lTl—lE'I:IC:inzs:Je_rv ________________________ _
e e e e e e m——
[ <think> The audio clip consists of a single spoken English sentence that overall sounds naTuml,\|

but there is a localized region that exhibits artifacts consistent with editing or synthetic
insertion. When comparing the segment before and after the suspicious interval with the
segment inside it, several differences become apparent. From the beginning of the clip up to
roughly 2.53s, the background tone is stable, the ambient noise floor and subtle room
acoustics remain consistent. In contrast, between about 2.53s and 3.78s, the noise floor and
sense of space shift slightly, as if this portion were recorded or generated under slightly
different conditions. After 3.78s, the background returns to the original character,
reinforcing the idea of a localized modification. The timbre of the voice in this interval
differs from the surrounding speech. Within 2.53-3.78s, the voice sounds marginally more
compressed and less resonant. This mismatch in vocal texture is typical of segments that
have been processed separately. Taken together, these cues indicate that the segment from
2.53s to 3.78s has been manipulated, while the rest of the audio remains consistent with a
real recording. </think>
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Figure 3. Audio case studies with REAL, TAMPERED, and FULLY SYNTHETIC examples. Forged temporal intervals are highlighted
for TAMPERED audio, together with predictions and explanations.
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1
I “Please carefully describe the content of this talking head video and classify it as REAL, or FULL_SYNTHETIC.." !

A | e e e e e e o e

<think>The talking head video shows a woman with dark hair, wearing a light purple
blouse and a small round pendant necklace. She is seated indoors against a neutral
background behind her. Her head and upper shoulders are visible as she speaks to
someone of f camera. Across the clip, her facial movements look naturally
coordinated with the implied speech. Her eyebrows, cheeks, and eyelids move
together with her mouth, which is typical of spontaneous human communication. The
skin texture on her face and neck is detailed and stable from moment to moment.
Fine features such as pores, soft shading around the nose and eyes, and the natural
specular highlights on the skin remain consistent as she moves. There are no melting
edges, texture swimming, or patchy blurring around the jawline, hairline, or earrings
that would suggest face swapping or generative inpainting. Taken together, these
cues all point to a genuine camera recording with no signs of AT generation or
manipulation.</think>

 ‘answer> REAL </answer>

- = -
T T

“think> The talking head video shows a man speaking directly toward the camera inan

indoor setting against a simple, neutral background. But several visual-temporal cues
indicate that the video is not authentic. The mouth opens and closes in patterns that do
not correspond to real phoneme production, and the transitions between lip shapes are too
uniform. Real speech contains irregular micro-pauses, uneven jaw movement and distinct
visemes for different sounds, none of which appear consistently here. The visible mouth
openings occur at moments when no strong vowel or consonant would be produced, while
during moments where the speaker should form plosives or wider vowels, the lips barely
move. This mismatch is a strong indicator of manipulated or AI-generated lip-sync. Even
when the mouth shape changes, the surrounding skin and beard texture remain overly
static. These issues indicate that the video is not a genuine recording but rather a
manipulated or synthetic one.</think>

\ answer> FULL_SYNTHETIC </answer>

FULL_SY
NTHETIC

- e o —
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Figure 4. Audio—visual talking-head case studies with REAL and FULLY SYNTHETIC clips, showing model predictions and explanations
based on audio—visual consistency.



Omni-Fake-Set Omni-Fake-OOD

Figure 5. Representative REAL sample from the OMNI-FAKE dataset.

Omni-Fake-Set Omni-Fake-OOD

Figure 6. Representative FULL_SYNTHETIC sample generated by modern diffusion-based models in OMNI-FAKE.



Omni-Fake-Set Omni-Fake-OOD

Figure 7. Representative TAMPERED sample containing localized manipulations in OMNI-FAKE.

Omni-Fake-Set Omni-Fake-OOD

Figure 8. Representative REAL video sample from OMNI-FAKE. The frames illustrate high-quality authentic motion and natural temporal
dynamics.



Omni-Fake-Set

Omni-Fake-O0OD

Figure 9. Representative FULLY SYNTHETIC video sample from OMNI-FAKE. This

patterns and texture consistency.

Omni-Fake-Set

example reflects typical Al-generated motion

Omni-Fake-OOD

Figure 10. Representative TAMPERED video sample from OMNI-FAKE. Only part of the temporal sequence is manipulated while the rest

remains authentic.



Omni-Fake-Set Omni-Fake-OOD

Figure 11. Representative REAL audio—visual talking-head samples from OMNI-FAKE-SET (left) and OMNI-FAKE-OOD (right). Sam-
ples show high visual clarity, diverse recording environments, and consistent lip—audio synchronization.

Omni-Fake-Set Omni-Fake-OOD

Figure 12. Representative FULLY SYNTHETIC audio—visual talking-head samples from OMNI-FAKE-SET (left) and OMNI-FAKE-
OOD (right). Synthetic samples exhibit high realism across identity appearance.



