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1 Background



Research Background

• Watermark-based (Active): Requires extra 

embedding operations; degrades visual quality and 

introduces deployment overhead.

• Training-based (Passive): Requires massive 

training samples and high cost; the model must be 

re-trained whenever a new generator emerges.

• Recon-based (Image modality): Accuracy drops 

on videos because it only captures spatial 

consistency and ignores temporal coherence.



Motivation

Mapping Relationship: Pixel Frames(many)  Latent Frame(one)

Normal-Recon: preserves the relationship

Corrupted-Recon: disrupts it by shifting the window

Belonging: Corrupted Loss ↑↑ | Non-belonging: Loss ≈ unchanged

Belonging → Loss ratio ≪ 1; Non-belonging → Loss ratio ≈ 1



2 Methodology



Methodology

Three key modules: Fixed-Length Sliding Window, Dual Reconstruction, Adaptive Threshold

1. Build two windows of length K(N−1) from the 

test video — a Normal one W₀ (aligned with 

chunks) and a Corrupted one WK−1 (shifted by 

K−1 frames to break chunk alignment).

2. Feed both windows through the target model’s 3D 

VAE ℛ to obtain a Normal and a Corrupted 

reconstruction, then compute per-frame MSE 

loss against the originals. Take the average per-

frame loss ratio over the overlapping frames as 

signal t (Belonging t ≪ 1; Non-Belonging t ≈ 1).

3. Use Kernel Density Estimation on only S 

belonging samples (default S = 200, 𝜶 = 0.05) to 

non-parametrically derive threshold τ; classify as 

belonging if t < τ, otherwise non-belonging.



3 Experimental Results



Experimental Setup and Baseline

Real Videos: Randomly select 500 videos from OpenVid-1M

Generated Videos: 5 Models (Each model generates 700 videos using prompts from OpenVid-1M)

Baseline: AEDR (AAAI 2026 Oral, SOTA Image Attribution Method)

Minimize the impact of image diversity

Table 1: Detailed composition information of the dataset (S-Video).

Figure 2: Sample video in S-Video.



Effectiveness and Efficiency

SWIFT is currently the best-performing training-free passive attribution method for generated videos

Table 2: Attribution Effectiveness

T2.  SWIFT achieves 94.0% average accuracy, outperforming AEDR (73.6%) 

by +20.4%, with consistent gains and remarkably low false positive rates.

T3.  Only 20 samples suffice for 90% accuracy; SWIFT even achieves ~90% 

Zero-Shot attribution on HYV, Wan2.2, and EA.

T4.  As video length shrinks from 100% to 25%, accuracy drops only slightly 

(98.0%→94.1%) while runtime falls drastically (170s→40s).

Table 3: Few-Shot Effectiveness

Table 4: Impact of Video Length
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