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Research Background

| 101010 Watermark-based (Active): Requires extra
i1 111011

t| 001110
§ Few-Shot: &
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"’) Training-based (passive) - Introduces deployment overhead.

Belonging ;
" \ )< ‘[: *  Training-based (Passive): Requires massive

Non- Belongmg

embedding operations; degrades visual quality and

Losslss Quaiy: @ 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

Overlapping Frames
Average Loss Ratio

consistency and ignores temporal coherence.
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Motivation

Chunk 1 Chunk 2 . Two Distinet Reconstructions (4 frames)
[z s [a]ls e 7 18 fenei [0 ][ 2 ][3 ][ 4 ] Noma
., Temparal . " 1 %
- Lansastency .- Owverlapping Frames
é N=2 ees:  Comupted 3 [ 4| 5 |6 X
: Pixel Frames | : Latent Frames 1""':{ :w) and wio Temporal Consistency

Mapping Relationship: Pixel Frames(many) < Latent Frame(one)
Normal-Recon: preserves the relationship
Corrupted-Recon: disrupts it by shifting the window
Belonging: Corrupted Loss 17 | Non-belonging: Loss = unchanged

Belonging — Loss ratio < 1; Non-belonging — Loss ratio = 1
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Methodology

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

: test video — a Normal one Wy (aligned with

| chunks) and a Corrupted one W_, (shifted by
sdongngVdeo | K—1 frames to break chunk alignment).

: Non-Belonging Video

BEE) | == e Wnor 1 jmod K =0, Wcge : j mod K # 0.

® ® :Normal Video Feature

e xx emmeweras ) Feed both windows through the target model’s 3D
& wermenms | 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

Move the Window
3 Frames to the Right

i Corigted : § signal t (Belonging t < 1; Non-Belonging t = 1).

Loss-1 H&—l LL:;):;; gx:: E 1 K(N 1) E(F* )

4 t = .

iLsssl'DOL‘84 K(N - K+1 EF** )

Loss-2=0.0082 : ; ’
______________ Nm"*m"mwbmswmwmwm 3. Use Kernel Density Estimation on only S
Sample Videos SI{dinQWEou}ﬁeconAé Threshold Test Video Sliding W?dow Reconi M Belonging belonglng Samples (defaU.lt S = 200, a = 0.05) tO
3 - Q _4 > Ti<r non-parametrically derive threshold t; classify as
oo i s I oo} N> Gl Non-Belonging belonging if t < 1, otherwise non-belonging.

Threshold Estimation for the Target Model (Offline) Example Cases of Origin Attribution (Online)
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Experimental Setup and Baseline

Real Videos: Randomly select 500 videos from OpenVid-1M [Minimize the impact of image diver SiW]

Generated Videos: 5 Models (Each model generates 700 videos using prompts from OpenVid-1M)
Baseline: AEDR (AAAI 2026 Oral, SOTA Image Attribution Method)

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

Dataset / Model Specific Type  Release Date Resolution (W xH) Frames FPS  Quantity

OpenVid-1M [18] Real 2024-07-01  512x360~1024x1024 30~196 20~60 500
HunyuanVideo [ 3] T2V 2024-12-03 960x 544 129 24 700
Wan2.1 [26] T2V-1.3B 2025-02-25 832x480 81 16 700
EasyAnimate [34] T2V-7B-V5.1 2025-03-06 1008 x576 49 8 700
LTX-Video [8] TI2V-13B-0.9.7  2025-05-05 1216 x704 121 30 700
Wan2.2 [26] TI2V-5B 2025-07-28 1280x704 121 24 700

Figure 2: Sample video in S-Video.
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Table 2: Attribution Effectiveness

AEDR [27] SWIFT (ours)
M1 Ma
TP FP FN TN  Acc TP FP EN TN Acc
Wan2.1 481465 19 35 51.6% 473 6 27 494 96.7% (+45.1)
EA 481 375 19 125 60.6% 473 7 27 493 96.6% (+36.0)
HYV LTX 481467 19 33 51.4% 473171 27 329 80.2% (+28.8)
Wan2.2 481476 19 24 50.5% 473 143 27 357 83.0% (+32.5)
Real 481433 19 47 548% 473 4 27 496 96.9% (+42.1)
HYV 477 80 23 420 89.7% 484 0 16 500 98.4% (+8.7)
EA 477 45 23 455 932% 484 0 16 500 98.4% (+5.2)
Wan2.1 LTX 477 41 23 459 93.6% 484 0 16 500 98.4% (+4.8)
Wan2.2 477 155 23 345 822% 484 0 16 500 98.4% (+16.2)
Real 477 102 23 398 87.5% 484 0 16 500 98.4% (+10.9)
HYV 478 323 22 171 65.5% 478 0 22 500 97.8% (+32.3)
Wan2.1 478 263 22 237 71.5% 478 0 22 500 97.8% (+26.3)
EA LTX 478 478 22 22 50.0% 478 0 22 500 97.8% (+47.8)
Wan2.2 478 374 22 126 60.4% 478 0 22 500 97.8% (+37.4)
Real 478 296 22 204 68.2% 478 0 22 500 97.8% (+29.6)
HYV 482318 18 182 66.4% 474 195 26 305 77.9% (+11.5)
Wan2.1 482 153 18 347 82.9% 474 124 26 376  85.0% (+2.1)
LTX EA 482 11 18 489 97.1% 474 29 26 471 94.5% (-2.6)
Wan2.2 482224 18 276 759% 474 204 26 296 77.0% (+1.1)
Real 482 26 18 474 95.6% 474 52 26 448 92.2% (-3.4)
HYV 474 179 26 321 79.5% 483 14 17 486 96.9% (+17.4)
Wan2.1 474 371 26 129 60.3% 483 0 17 500 98.3% (+38.0)
Wan2.2 EA 474 205 26 295 769% 483 0 17 500 98.3% (+21.4)
LTX 474 147 26 353 82.7% 483 3 17 497 98.0% (+15.3)
Real 474 44 26 456 93.0% 483 3 17 497 98.0% (+5.0)
Avg Acc 73.6 % 94.0% (+20.4)

Table 3: Few-Shot Effectiveness

Attribution Accuracy

Table 4: Impact of Video Length

HYV  Wan2.1 EA LTX  Wan2.2

0 9.1% 81.7% 893% 66.1% 98.4%
5 78.6% 8.7% 803% 79.0% 91.8%
10 76.1% 883% 808% 783% 90.4%
20 852% 942% 95.0% 839% 92.7%
35 903% 969% 974% 848% 93.2%
50 90.7% 97.1%  96.6% 84.7%  93.3%
100 90.2%  98.4% 97.7% 85.0% 97.4%
150 90.2% 98.4% 978% 85.1% 97.6%
200 90.7% 98.4% 97.8% 853% 97.9%

Length Frames Runtime Accuracy
100% 121 170s 98.0 %
75% 93 134s 98.0%
50% 61 84s 97.1%
25% 33 40s 94.1%

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).

SWIFT is currently the best-performing training-free passive attribution method for generated videos
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m:. Thank you!
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