Training-free Detection of Generated
Videos via Spatial-Temporal Likelihoods
CVPR 2026

Gempora} K Predicti o\

Omer Ben Hayun, Roy Betser, Meir Yossef Levi, Levi Kassel, Guy Gilboa
Technion —Israel Institute of Technology
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Which is generated by AI?




Motivation

* Consent & likeness
* Misinformation risk
* Intellectual property

205 156-61 02:14:68 &

Credit to the following YouTube users (from left to right): Niccyan, ElevenLabs, CaseyNeistat. (Al video generator: Sora 2)



Research gap
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Preliminaries: Whitening & Likelihood
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likelifhiood
X Pretrain embeddings Y Whitened embeddings

e x~I\ coordinate-wise « y~N(0,1)
* Shifted and correlated « £(y) = —0.5[d log(2m) + [|yv|*]

Whitened CLIP as a Likelihood Surrogate of Images and Captions, Betser et al.



Dataset of real videos
* Disjoint from test set

* Large & varied

* Whiteing transform u, W g




Method
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Normalization = Whitening — Likelihood

o No generated Spatial + Temporal || - :
/’ Training-free samples required evidence _— Fast inference

Frames from youtube video: “Will Smith Eating a spaghetti in 2025 | 4K” by a3xrfgb



New Benchmark: ComGenVid
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~3,400 generated videos from Sora (OpenAI) and Veo 3 (Google)



Results - Average AUC (T)

m

VideoFeedback GenVideo ComGenVid (ours)

AEROBLADE Images 0.58 0.59 0.69

Images 0.63 0.65 0.57
Images 0.54 0.55 0.55
D3 (L2) Videos 0.54 0.72 0.73
Videos 0.55 0.70 0.73

STALL (Ours) Videos 0.83 0.80 0.85



Ablation studies

Temporal ablations
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Ablation studies
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Conclusions
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