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Abstract

Recent video generation models can produce increasingly
realistic videos, making synthetic content harder to distin-
guish from real footage. Existing benchmarks mainly em-
phasize semantic alignment or coarse physical plausibil-
ity, offering limited sensitivity to subtle realism failures.
We present VideoASMR-Bench, a preliminary benchmark
based on ASMR videos, a domain that naturally requires
fine-grained audio—visual synchronization, material real-
ism, and sensory consistency. The benchmark contains
1,500 real ASMR clips curated from social media and 2,235
synthetic counterparts generated by contemporary video
generation models. Using a binary real-versus-fake judg-
ment task, we conduct an initial evaluation of representa-
tive video-language models (VLMs) and human annotators.
Our early findings show that even strong proprietary VLMs
still lag behind humans in detecting Al-generated ASMR
videos, while audio cues provide clear gains for authentic-
ity judgment. These results suggest that ASMR is a sensitive
and underexplored testbed for evaluating both video realism
and multimodal video understanding.

1. Introduction

Frontier video generation models (VGMs) such as Sora2,
Veo3, and Kling are rapidly narrowing the perceptual gap
between synthetic and real videos [4, 6, 8, 9, 13, 17, 20].
However, current evaluation benchmarks still focus primar-
ily on broad semantic alignment and coarse physical consis-
tency [1-3, 7, 15, 16, 21], which often fail to capture subtle
realism failures in modern generated videos.

We argue that Autonomous Sensory Meridian Response
(ASMR) videos provide a particularly stringent testbed for
this problem. ASMR clips rely on fine-grained audio—
visual synchronization, material interactions, and sensory
immersion; small errors in sound timing, texture response,
or hand—object dynamics can quickly break realism. This
makes ASMR a high-sensitivity setting for evaluating both
video generation and video understanding.

To this end, we introduce VideoASMR-Bench, a prelimi-
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Figure 1. Overview of VideoASMR-Bench. An ASMR video
is either collected from social media or generated by a VGM. A
VLM is then asked to determine whether the video is real or Al-
generated. ASMR provides a challenging setting due to the subtle
audio-visual synchronization and sensory realism.

nary benchmark built from real ASMR videos and synthetic
counterparts generated by recent VGMs. We study a sim-
ple but important task: given one ASMR video, determine
whether it is real or Al-generated. Our initial experiments
reveal three main findings: (1) even strong VLMs still trail
human annotators by a clear margin, (2) audio cues ma-
terially improve fake-video detection, and (3) visible wa-
termarks can become shortcuts for strong models, masking
their true ability to reason about authenticity.

2. Related Work

This work evaluates video models across two key domains:
video understanding and video generation. Tab. 1 presents a
comprehensive comparison of VideoASMR-Bench and ex-
isting benchmarks, highlighting their relationships and key
differences. We then outline the primary objectives of ex-
isting models and benchmarks in each domain.

Video generation and evaluation benchmarks. Existing
video benchmarks typically emphasize visual quality, se-
mantic alignment, and temporal coherence. VBench [7] and
T2V-CompBench [19], for example, mainly focus on visual
fidelity and text—video alignment. More recent works such
as VideoPhy [2] and PhyGenBench [14] move toward phys-
ical realism, but primarily target coarse violations rather
than subtle multimodal inconsistencies.

Video understanding and synthetic-video detection.
Benchmarks such as MVBench [11] and Video-MME [5]
evaluate high-level video understanding abilities, but do not
specifically target authenticity judgment under strict sen-
sory constraints. Existing Al-generated video detection

CVPR
raren

038
039
040
041
042
043
044
045
046

047

048
049
050
051
052
053
054
055
056
057
058
059
060
061
062
063
064
065
066



CVPR
gprenen

067
068
069
070

071

072
073
074
075
076
077

078

079
080
081
082
083
084
085
086

CVPR 2026 Submission #*****, CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

Table 1. Comparison of VideoASMR-Bench and existing benchmarks. Compared with prior benchmarks, VideoASMR-Bench supports
real and synthetic videos, pairwise evaluation, VLM/VGM/human participation, and multimodal inputs including text, images, and audio.

. Video Source Participants . Supported Modalities
Category Benchmark Real Fake Pair VLM VGM Human Evaluation Protocol Text Image Audio
VBench [7] X X X X (4 v Acc. X X b 4
Video Generation VideoPhy [2] X X X X (4 (%4 Acc. X X b 4
PhyGenBench [15] X X X X v (%4 VLM-as-Judge X X b 4
SEED-Bench [10] v X X v X v MCQ, Acc. v X b 4
Video Understanding MV-Bench [11] v X X v X X MCQ, Acc. (%4 X X
TempCompass [12] v X X v X v VLM-as-Judge, Acc. v X b 4
GenVideo [3] 4 4 X 4 X X Acc. X X b 4
. LOKI [21] v v v v X (%4 VLM-as-Judge, MCQ, Acc. (%4 X b ¢
AIGC Detection IPV-Bench [1] v v X v v v VLM-as-Judge, MCQ, Acc. ¢ X x
VideoASMR-Bench (Ours) 4 v 4 4 v v Under.-Gen. Adversarial Eval. v v (4
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(a) Examples across different dimensions.
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on easy and hard level.

(c) Statistic of the distribution
on action and video duration.

Figure 2. Dataset statistics of VideoASMR-Bench. (a) Representative examples of VideoASMR-Bench across different dimensions, (b)
the distribution of samples in the easy and hard subsets, (c) top: action statistics of VideoASMR-Bench; bottom: video duration distribution

and comparison between the easy and hard subsets.

benchmarks [1, 3] also rely predominantly on visual cues.
In contrast, our benchmark uses ASMR to probe realism
failures that often emerge only when audio and visual evi-
dence are considered jointly.

3. VideoASMR-Bench

We introduce VideoASMR-Bench, an ASMR video bench-
mark for evaluating both video generation realism and video
understanding ability. It contains three components: ASMR
Video Suite, ASMR Image Suite, and ASMR Prompt Suite.
The image and prompt suites are further used to synthesize
fake ASMR videos at scale.

3.1. Real ASMR Data Construction

Benchmark Composition. ASMR Video Suite contains
1,500 high-quality ASMR clips collected from social me-
dia, covering both easy and hard subsets. ASMR Prompt
Suite provides a text description for each video, includ-
ing scene, objects, actions, temporal dynamics, and sound-
related cues. ASMR Image Suite contains the corresponding
reference image extracted from the first frame.

Construction Pipeline. We build the real-data benchmark

in four steps. First, we collect popular ASMR videos from
platforms such as Red Note and YouTube, using high view
counts as a proxy for user preference and immersion. Sec-
ond, we preprocess the raw videos by splitting compilations
into clips, removing artificial backgrounds and watermarks,
extracting the first frame, and manually verifying clip qual-
ity and theme consistency. Third, we generate prompts
for each clip. For easy videos, prompts are obtained from
the starting frame using Sora2’s storyboard module. For
hard videos, Gemini-2.5-Pro generates descriptions from
eight uniformly sampled frames. All prompts are manually
checked. Finally, we cluster the hard subset with Qwen3-
Embedding-4B into eight semantic groups and sample rep-
resentative instances for downstream generation.

3.2. Synthetic ASMR Data

To scale the benchmark, we generate fake ASMR
videos using multiple video generation models, including
open-source models (Wan2.2-12V-A14B, Wan2.2-TI2V-
5B, OpenSora-V2, HunyuanVideo-12V) and closed-source
models (Sora2 and Veo3.1-fast). We consider text-image-
to-video, text-only, and image-only settings. In total, we
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Table 2. Video understanding results on VideoASMR-Bench. This table compares state-of-the-art VLMs on VideoASMR-Bench.
Higher scores indicate better performance. Gold , ' Silver , and - denote the top three performers.

Model Veo3.1-Fast Sora2 | Wan2.2-A14B  Wan2.2-5B  OpenSora-V2 HunyuanVideo StepVideo | Avg. (1) Rank

Random 50 50 50 50 50 50 50 50 13

Human 81.25 91.25 86.25 91.25 91.25 91.25 91.25 89.11 1
Open-source Models

Qwen3-VL-8B 57.79 87.69 55.56 56.28 51.50 54.50 83.84 63.88 5

Qwen3-VL-30B-A3B 51.08 51.35 49.44 54.74 47.09 49.74 81.68 54.87 2

Qwen2.5-VL-72B 49.50 71.07 51.05 51.00 54.50 53.50 81.50 58.87 10

Qwen3-VL-235B-A22B 56.53 80.75 53.89 52.66 50.79 48.19 90.53 61.91 8

GLM-4.5V 54.64 63.75 54.90 57.59 66.24 61.01 87.13 63.61 6
Proprietary Models

GPT-40-mini 52.50 51.78 53.68 50.50 53.00 50.50 89.00 57.28 11

GPT-40 51.50 51.27 55.26 55.50 56.50 56.50 95.00 60.22 9

GPT-5 54.55 95.43 55.26 57.50 56.78 56.50 93.97 67.14 4

Gemini-2.5-Flash 47.72 87.56 53.55 55.44 55.15 53.06 78.63 61.59 7

+ Audio 52.55 93.65 53.55 55.44 55.15 53.06 78.63 63.15 8

Gemini-2.5-Pro 51.56 84.49 59.09 60.21 62.30 65.76 87.98 | 67.34

+ Audio 56.00 87.72 59.09 60.21 62.30 65.76 87.98 68.44 -

Gemini-3-Pro-Preview 77.89 89.90 57.67 73.87 65.83 80.90 87.94 | 76.27 2
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obtain 1,192 synthetic videos.

3.3. Data Statistics

VideoASMR-Bench contains 2,235 videos in total, includ-
ing real and fake samples, organized into easy and hard sub-
sets. Compared with prior benchmarks using a fixed set
of generated videos, VideoASMR-Bench emphasizes both
quality and extensibility. The benchmark also covers di-
verse durations, objects, actions, and backgrounds. Easy
videos are generally shorter and visually simpler, while hard
videos involve more diverse materials, longer temporal dy-
namics, and more complex scenes, as shown in Figure 2.

3.4. Evaluation

We define two tasks. In the Judgment Task, models clas-
sify a single video as real or Al-generated. In the Prefer-
ence Task, models identify the generated one from a real—
fake pair. We use a balanced 1:1 ratio of real and fake
videos and report average accuracy. We further formulate
an adversarial evaluation between video generation mod-
els (VGMs) and video understanding models (VLMs), as

Real ASMR Video

Figure 3. An overview of adversarial understanding—generation evaluation for VideoASMR-Bench. VGMs attempt to synthesize
fake ASMR videos that can fool VLMs, while VLMs aim to detect fakes. Leaderboards on both sides highlight which VGMs deceive the
most VLMs and which VLMs identify the most fake videos, revealing an adversarial process between generation and understanding.

7] \

3. 6Gemini-2.5:

v
© Gemini-3:

#iE

If make mistake.™

_ﬂ

illustrated in Figure 3. VGMs aim to produce videos that
are difficult to dlstlngmsh from real ones, while VLMs aim
to detect synthetic videos accurately. Under this protocol,
higher detection accuracy indicates stronger video under-
standing, while lower detectability indicates more realistic
video generation.

4. Preliminary Results

Humans still outperform current VLMs Table 2 sum-
marizes representative results on VideoASMR-Bench.
Among the tested systems, Gemini-3-Pro achieves the
strongest performance, with an average accuracy of 76.27.
However, this still falls well short of human performance at
89.11, indicating that current VLMs remain unreliable on
fine-grained ASMR authenticity judgment. Strong propri-
etary models generally outperform open-source ones, but
the overall gap to humans remains substantial. This gap
is notable because ASMR videos can look visually simple
while remaining highly demanding from a sensory perspec-
tive. The result suggests that realism failures in generated
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@ Gemini-2.5-pro: ‘/ Watermark removal: X

think>\n1. **Watermark Analysis:** The most N N X .
prominent clue in the images is the watermark \"Sora\" <th|r?k>V|suaI ST E TS
accompanied by a small ghost-like icon. Sora is the name cons!stent: the glovefi hand
of OpenAl's text-to-video generative Al model. The livaieely preclh @ wilie Stfbstance
presence of this watermark is a strong indication that the fifelin & Qele(E SUIfEIe iy
video was generated by this Al model and is not a natl{ral shadqm{s, text}ire, i
 recording of a real-world event.\n\n2. **Physical _rnotlon.. No d'g't_al artifact_s Cr
Z < Interaction Analysis:**....... Therefore, the video is fake. |mp955|ble physics are evident.
O T e </think><answer>1</answer>

@Fg‘ Sora2 generated video
A

Ji  GPT-5: dx RET v
think>Natural hand an

mushroom textures,
consistent lighting and

y motion, and no visual
artifacts suggest a
genuine recording.
</think><answer>1</ans
N wer>

<think> n1. **Analyze the initial
setup:** The video starts by

.. showing. .....* If the video *looks*
real and depicts something that
*could* happen, it should be
considered \'"real\" in the context
of this question.
</think><answer>1</answer>

eo3.1-fast generated Video:

Gemini-2.5-flash: x With audio: <think>...... **Analyze the audio evidence:**\n * TV
audio begins with a sizzling, crackling sound that intensifies
dramatically as the object makes contact with the surface. This
sound is very typical of a hot object being quenched or burning a
material........ This sound is not natural. It does not sound like the
sizzle fading out or any other noise related to the physical process
shown. It sounds like a digital audio clip ending abruptly or a

sound effect that was not properly faded out in post-
production........ </think><answer>0</answer>

Gemi ni-2.5-pro: **Analyze the initial setup:** The
video starts by showing a grid of small, hollow rectangular shapes or!
»  white surface. A dark object, seemingly a dropper or a rod attached to
" alarger sphere, dispenses a clear liquid onto one of the grid squares.
This is a plausible setup for a chemical experiment.\n\n2. **Observe
the ignition:** In the second frame, the liquid ignites with a bright
flash. The fire spreads to the surrounding grid squares. The ignition
» appears instantaneous upon contact or shortly after, which is
» 0 characteristic of certain chemical reactions (e.g., hypergolic
5 propellants) or the ignition of a highly flammable substance with
.</think><answer>1</answer> "

Figure 4. Qualitative examples from VideoASMR-Bench. Top: performance comparison with and without watermarks. Middle: impact
of audio cues on detection accuracy. Bottom: success cases where Veo3.1-Fast generated videos successfully deceive the VLMs. We
highlight the incorrect answer and representative model responses in red.

Table 3. Video generation results on VideoASMR-Bench. This
table compares the performance of state-of-the-art VGMs under
different generation settings. Image indicates whether the ASMR
Image Suite is used. A lower score indicates better performance.
Gold , Silver , and - denote the top three performers.

GPT-40 Gemini-2.5  Gemini-2.5
Type ‘ Image mini GPT-40 Flash Pro Avg.(l)  Rank
Opensora-V2 [18]
Text2Vid X 14.00 10.00 28.72 39.18 22.98 8
ImgText2Vid X 12.00 15.00 30.21 35.16 23.59 9
Text2Img2Vid v 14.00 18.00 45.36 43.75 30.28 10
Wan2.2 [20]
Text2Vid-14B X 12.00 13.00 2447 21.74 17.80 5
ImgText2Vid-14B | v/ 8.89 778 23.53 26.19 16.10 SN
ImgText2Vid-5B v 7.00 13.00 30.53 33.33 20.97 6
HunyuanVideo [9]
Text2Vid X 8.00 7.00 25.51 18.56 14.77 2
ImgText2Vid ‘ v ‘ 7.00 15.00 26.53 42.39 22.73 7
Sora2 [17]
Text2Vid X 16.00 9.00 100.00 97.89 5572 12
ImgText2Vid v 8.25 3.09 95.79 79.17 46.58 11
+ Audio v 8.25 3.09 97.89 88.66 49.47 12 89 11
- Watermark v 8.25 6.19 25.00 24.74 16.55 4
StepVideo [13]
Text2Vid [ X ] 8400 92.00 73.68 86.81 | 83.62 13
Veo-3.1-fast [4]
ImgText2Vid v 11.00 5.00 16.16 17.00 12.54 1
+ Audio ‘ v ‘ 11.00 5.00 19.20 25.00 15.0542.51 1

ASMR remain difficult for current VLMs to identify reli-
ably, even those failures are apparent to human annotators.

Audio cues improve authenticity judgment A key ben-
efit of ASMR is that it naturally highlights the role of
sound. In our experiments, adding audio cues consistently
improves detection accuracy for strong multimodal mod-
els. On the most realistic fake videos generated by Veo3.1
and Sora2, incorporating audio yields an average gain of
roughly 5 points for Gemini-family models. This trend sup-
ports our central claim: ASMR is useful because it requires
audio—visual consistency. Current generation models can

often produce visually convincing clips, but still struggle to
synthesize equally convincing sound, timing, and sensory
coherence. In several cases, models judge a video as real
from frames alone, but change their prediction once audio
is included, as shown in Figure 4.

Watermarks can act as shortcuts We also find that visi-
ble watermarks can artificially inflate fake-video detection.
In particular, some strong models achieve unusually high
accuracy on Sora2-generated videos when the default wa-
termark is present. After removing the watermark, perfor-
mance drops sharply for several state-of-the-art systems, in
some cases by around 30 points. This behavior suggests that
part of the apparent detection ability comes from shortcut
exploitation rather than genuine perceptual reasoning. For
authenticity benchmarks, this is important: if metadata-like
cues or visible overlays remain in the data, they can obscure
the actual difficulty of the task.

5. Conclusion

We presented VideoASMR-Bench, a preliminary bench-
mark for detecting Al-generated ASMR videos. Compared
with standard video settings, ASMR provides a more sensi-
tive probe of realism because it depends on subtle material
interactions and precise audio—visual synchronization. Our
initial experiments show that even strong VLMs still lag
substantially behind humans on this task, while audio cues
provide meaningful gains for detection. These findings sug-
gest that ASMR is an informative and underexplored direc-
tion for evaluating both video generation realism and mul-
timodal video understanding.
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