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Abstract

This study proposes the ViViT-HH-SupCon pipeline architecture, which integrates a spatiotemporal high-dimensional feature
extraction structure with a high-dimensional raw feature direct hooking mechanism within the encoder, for multi-origin
identification of advanced generative Al videos. Existing low-dimensional embedding-based learning models analyze only
frame-level spatial noise, which leads to the loss of subtle artifacts and degraded identification accuracy. To address this limitation,
the proposed framework maps a high-dimensional feature space based on a ViViT encoder that chronologically integrates input
data, and utilizes a hooking mechanism designed to directly extract high-dimensional raw features prior to the advanced
compression and abstraction stages of the final output layer. Experimental results across 8 state-of-the-art generative Al video
engines demonstrate that the proposed model achieves a macro Fl-score of 0.9220 and an overall accuracy of 93.30%, yielding
performance margins of 25.83%p and 32.50%p, respectively, over the baseline. Notably, it enhances the precision for previously
lower-performing engines, Veo3 and Vidu Ql, to 0.9877 and 0.9800, successfully mitigating misclassification patterns.
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Table 1. Definitions of Key Notations
Notation Definition
High-dimensional feature extraction function mapped from
P
the encoder blocks
PR Activation output from the L-th transformer encoder block
p; Class token representing global spatial context at the
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L Spatio-temporal patch tokens containing localized artifact
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L ) . o
high-density feature space optimization
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Table 3. Dataset and Specifications for Generative Video Engine Forensic Evaluation
Class Engnei e B s ) e Traiping Dz.ataset Evaluated Dataset Total Valid Video
Label (Massive Train Pool) (Clean Test Scan) Pool
0 CogVideo Tsinghua / Zhipu Al 3,924 Clips 100 Clips 4,024 Clips
1 HunyuanVideo Tencent 4,012 Clips 100 Clips 4,112 Clips
2 Kling Kuaishou 3,885 Clips 100 Clips 3,985 Clips
3 Sora OpenAl 3,950 Clips 100 Clips 4,050 Clips
4 StepVideo Step Fun 4,032 Clips 100 Clips 4,132 Clips
5 Veo3 Google DeepMind 3,918 Clips 100 Clips 4,018 Clips
6 Vidu_Q1 Shengshu Technology 3,890 Clips 100 Clips 3,990 Clips
7 Wanx Alibaba 3,977 Clips 100 Clips 4,077 Clips
Total 8 Engines Benchmark: VBench-2.0 31,588 Clips 800 Clips 32,388 Clips
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Table 4. Hardware Configuration and Software Specifications

Category Item Specifications
GPU NVIDIA GeForce RTX 4060Ti
(VRAM 8GB)
HW CPU Intel Core i5-13700K
RAM 32GB DDR5
Storage SATA 3TB (Data I/0 Optimized)
0s Ubuntu 24.04 (via WSL2)
Language Python 3.12
Framework PyTorch 2.1 (with CUDA 13.1)
sw Main Timm (PyTorch Image Models),
Library OpenCV, NumPy, Scikit-Learn
Optimization | Mixed Precision Training (Apex/AMP)
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Table 5. Performance Comparison of Backbones for Generative Video Engine Identification Under Identical Spatiotemporal-Frequency Input

Conditions
Engine Name Model Type Precision Recall F1-Score Performance Gain (F1)
) Baseline (SupCon) 1.0000 0.6000 0.7500
CogVideo Proposed (ViViT_SupCon) 0.8812 0.8900 0.8856 +0.13%6
’ Baseline (SupCon) 0.8939 0.5900 0.7108
HunyuanVideo Proposed (ViViT_SupCon) 0.8738 0.9000 0.8867 +0.1759
Kling Baseline I(S|upCon) 0.9667 0.5800 0.7250 +0.2501
Proposed (ViViT_SupCon) 0.9703 0.9800 0.9751
Baseline (SupCon) 1.0000 0.5900 0.7421
Sora Proposed (ViViT_SupCon) 0.8636 0.9500 0.9048 +0.1627
. Baseline (SupCon) 1.0000 0.5400 0.7013
StepVideo Proposed (ViViT_SupCon) 0.9346 1.0000 0.9662 +0.2649
Baseline (SupCon) 0.3415 0.7000 0.4590
Veo3 Proposed (ViViT_SupCon) 0.9877 0.8000 0.8840 +0.4250
. Baseline (SupCon) 0.4695 0.7700 0.5833
Vidu_Q1 Proposed (ViViT_SupCon) 0.9800 0.9800 0.9800 +0.3967
Baseline (SupCon) 0.5606 0.7400 0.6379
Wanx Proposed (ViViT_SupCon) 0.9072 0.8800 0.8934 +0.2585
Baseline (SupCon) 0.7790 0.6387 0.6637
Macro Avg Proposed (ViViT_SupCon) 0.9248 0.9225 0.9220 +0.2583
Baseline (SupCon) - - 0.6388
Accuracy Proposed (ViViT_SupCon) - - 0.9225 +0.2837
100
(a) Standard 2D SupCon Confusion Matrix (b) Proposed ViViT-SupCon Confusion Matrix
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Fig. 3. Confusion Matrix Comparison between Standard 2D SupCon (Left) and Proposed

Spatiotemporal-Frequency Input Conditions
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Table 6. Comprehensive Comparative Results on Encoder Extraction Layers and Feature Space Dimensions

Exp Model Backbone Feature Layer Dimension Macro Precision Macro Macro N
No. Recall F1-Score Accuracy
Exp 1 Standard 2D Spatial- 128 0.7790 0.6387 0.6637 0.6050
SupCon Frequency
Exp 2 VIVIT-SupCon None Hooking 8,704 0.8142 0.7758 0.7945 0.7650
(None Hooking)
Exp 3 VIVIT-SupCon Intermediate 8704 0.9248 0.9225 0.9220 0.9300
(Proposed) Layer
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Table 7. Comparison of Video Engine Identification Accuracy by Model Under Three Mild Image Quality Degradation Environments

Exp No. Model Type Original (%) c;?;s?:)/ao ;] '\?;:ZSE?/:) Resolutlorz%li))ownscale
Exp 1 Standard 2D SupCon 60.5% 53.6% 37.9% 48.8%
Exp 2 ViViT-SupCon (None Hooking) 76.5% 71.6% 55.8% 64.0%
Exp 3 ViViT-SupCon (Proposed) 93.0% 89.9% 86.6% 89.0%
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