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Abstract. Deploying AI-generated video detectors in real-world ser-
vices demands an ultra-low false positive rate (FPR) on real videos
to avoid falsely rejecting authentic content, a regime where standard
metrics such as AUROC fail to reflect actual operating behavior. We
introduce Spatial Patch-Level Incoherence and Temporal Roughness
(SPLIT), a training-free detector that operates on patch tokens from
a frozen vision encoder to detect both fully generated and partially
edited videos. SPLIT computes two complementary signals: Two-step
Temporal Roughness (TTR), capturing non-smooth patch trajectories
via one-step and two-step feature variation contrast, and Local Spatial
Motion Incoherence (LSMI), measuring spatially inconsistent temporal
changes through gradients of a feature-space motion field. The two are
fused multiplicatively with gamma correction to sharpen real–fake sepa-
ration at strict thresholds. We further propose a service-aligned evalua-
tion protocol based on Fake Recall at fixed FPR with real-only threshold
calibration and cross-real threshold transfer. Across three benchmarks—
FakeParts, GenVideo, and ViF-Bench—SPLIT achieves the highest Fake
Recall at FPR = 0.1%, substantially outperforming supervised and training-
free baselines while remaining robust to post-processing with negligi-
ble overhead. The code is publicly available at https://github.com/
mldljyh/SPLIT.

Keywords: AI-generated video detection · Training-free detection · Par-
tial video manipulation

1 Introduction

Recent progress in text-to-video and image-to-video generation has made high-
quality synthetic video broadly accessible, while also enabling subtle partial edits
such as localized inpainting/outpainting, temporal interpolation/extrapolation,
faceswap, and style transfer [2,6,18,30,40]. This creates an urgent need for reli-
able AI-generated video detection in deployment settings with stringent operat-
ing constraints: false rejections of authentic user content must remain extremely
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Fig. 1: Fake Recall (%) at FPR = 0.1% for FID, AIGVDet, ReStraV, D3, and SPLIT
across FakeParts, GenVideo, and ViF-Bench. SPLIT (red) consistently achieves the
highest and most uniform recall across all manipulation types and generators.

rare (e.g ., FPR on real videos ≤ 0.1%), yet recall on manipulated content must
stay high [45]. In this regime, aggregate metrics such as AUROC can be mis-
leading because they do not directly reflect behavior at ultra-low FPR [14,45].

Prior work has largely focused on supervised detectors that exploit spatial ar-
tifacts, frequency cues, or spatiotemporal inconsistencies, often leveraging large
pretrained video encoders [1, 7, 11, 12, 21, 28, 37, 47, 52]. While effective within
their training distributions, these methods can degrade under distribution shift
from new generators, post-processing, and especially partial edits where most of
the content remains real [23]. Training-free approaches such as D3 [51] improve
cross-generator generalization via clip-level second-order temporal volatility in
frozen features, but pooling over the clip can dilute sparse, localized manipula-
tion evidence—as highlighted by partial-edit benchmarks such as FakeParts [23].

This paper targets the intersection of three practical requirements: (i) detect-
ing both fully generated and partially edited videos, (ii) generalizing across gen-
erators without task-specific training, and (iii) operating under service-aligned
ultra-low-FPR constraints with thresholds calibrated using real data only. We
introduce Spatial Patch-Level Incoherence and Temporal Roughness (SPLIT),
a training-free detector that operates on patch tokens from a frozen pretrained
vision encoder. Rather than collapsing a frame into a single embedding, SPLIT
preserves localized spatiotemporal evidence and aggregates it into a single ma-
nipulation score without any learned parameters.

SPLIT computes two complementary patch-token signals. Two-step Tem-
poral Roughness (TTR) measures deviations from smooth temporal evolution
by comparing accumulated one-step and two-step feature variations, capturing
artifacts such as flicker and local temporal misalignment. Local Spatial Mo-
tion Incoherence (LSMI) measures whether temporal changes are spatially
coordinated by constructing a feature-space motion field and computing local
spatial gradients; manipulated regions tend to induce spatially inconsistent tem-
poral changes. We fuse these signals multiplicatively with a gamma correction
to amplify subtle but consistent roughness differences.
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We also advocate deployment-constrained evaluation, reporting Fake Recall
at FPR = α for α ∈ {0.1%, 1%, 5%}, with thresholds calibrated on real videos
only, and introduce cross-real threshold transfer to quantify calibration stability
when the real-data source shifts. We evaluate on three complementary bench-
marks: FakeParts [23] (partial edits), GenVideo [7] (earlier generators; near-
domain for supervised baselines), and ViF-Bench [20] (newer 2024–2025 genera-
tors; out-of-distribution stress test). As shown in Fig. 1 at FPR = 0.1%, SPLIT
outperforms representative supervised baselines and the training-free D3 across
manipulation types and generators. Our contributions are as follows:

– We introduce SPLIT, a training-free patch-token detector that measures
localized spatiotemporal incoherence through TTR and LSMI, fused with
gamma correction to sharpen separation under strict thresholds.

– We formalize service-aligned AI-generated video detection via Fake Recall at
ultra-low FPR with real-only threshold calibration, and propose cross-real
threshold transfer to measure calibration stability across heterogeneous real
domains.

– We demonstrate strong generalization and robustness across partial edits and
diverse generators on FakeParts, GenVideo, and ViF-Bench, with negligible
overhead beyond the frozen encoder forward pass.

2 Related Work

AI-Generated Video Detection. Early deepfake detection targeted face-
centric manipulations using spatial artifacts [12, 21], later incorporating tem-
poral modeling for cross-frame consistency [47, 52]. With the rise of diffusion-
based generators [2, 6], recent detectors target broader video-level artifacts be-
yond faces. These approaches span multiple strategies: frequency-aware methods
like NPR [37] exploit upsampling artifacts that persist across generators; spa-
tiotemporal methods such as STIL [11] learn joint appearance-dynamics incon-
sistencies, while FTCN [52] and MINTIME [8] model temporal coherence pri-
marily for face forgery scenarios. Foundation-model-based approaches leverage
pretrained encoders—XCLIP [28] extends CLIP [34] with temporal attention,
and DeMamba [7] augments such encoders with a Mamba [10] module that cap-
tures local spatiotemporal inconsistencies through continuous scanning of par-
titioned regions. AIGVDet [1] combines spatial CNN features with optical-flow
branches for video-level fusion.

A complementary frozen-feature line uses representation dynamics rather
than training large video detectors. ReStraV [17], inspired by perceptual straight-
ening, observes that natural videos trace straighter trajectories than AI-generated
videos in DINOv2 feature space, summarizing frame-level step distances and
curvature statistics to train a lightweight classifier. D3 [51] is fully training-free
and measures clip-level second-order temporal volatility via central differences in
frozen features. These methods show that frozen representation dynamics pro-
vide useful cross-generator cues, but they rely on global frame/clip summaries
that can dilute sparse manipulation evidence. In contrast, SPLIT operates on
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patch tokens and explicitly targets localized spatiotemporal incoherence: TTR
compares accumulated 1-step and 2-step patch changes, while LSMI measures
spatial disagreement of patch-wise temporal motion. This patch-level formula-
tion is especially suited to partial edits, where manipulation evidence is region-
specific.
Benchmarks and Partial Edits. Several benchmarks have been developed for
AI-generated video detection [7, 20, 22, 29, 42]. GenVideo [7] provides a million-
scale dataset covering diverse generators with cross-generator and degraded-
video evaluation tasks. ViF-Bench [20] extends coverage to the latest generators
including Sora-2 [30], Wan2.2 [40], and Kling [18], with fine-grained artifact an-
notations. These benchmarks primarily target fully AI-generated videos (T2V,
TI2V), driving progress on global detectors. FakeParts [23] addresses a gap by
introducing localized spatial (inpainting, outpainting, faceswap), temporal (in-
terpolation, extrapolation), and style manipulations applied to otherwise real
videos, with pixel- and frame-level annotations. Their evaluation reveals perfor-
mance drops of up to 50% for many detectors on partial edits, confirming that
preserved real context defeats global approaches—a finding that highlights the
value of our patch-level formulation [23]. While some recent deepfake bench-
marks report strict operating points [45], AI-generated video and partial-edit
benchmarks still predominantly emphasize aggregate metrics such as AUROC,
which can obscure behavior at ultra-low false-positive rates. To our knowledge,
they do not evaluate real-only threshold calibration at FPR targets as low as
0.1% or the stability of such thresholds under shifts in the real-data domain; we
address this via Fake Recall at FPR ∈ {0.1%, 1%, 5%} with real-only calibration
and cross-real threshold transfer.

3 Method

3.1 Overview

We propose Spatial Patch-Level Incoherence and Temporal Roughness (SPLIT),
a training-free detector for AI-generated and partially edited videos under service-
aligned operating constraints where the false positive rate (FPR) on real videos
must remain extremely low (e.g ., ≤ 0.1%). SPLIT analyzes a clip using patch-
level representations from a frozen pretrained vision encoder and computes two
complementary signals: (1) Two-step Temporal Roughness (TTR), which mea-
sures how strongly patch features deviate from smooth temporal evolution by
comparing 1-step and 2-step temporal variations; and (2) Local Spatial Motion
Incoherence (LSMI), which measures spatial disagreement of patch-wise tempo-
ral changes by computing local spatial gradients of a feature-space motion field.
These signals are fused multiplicatively with a gamma exponent to obtain a fi-
nal score, where larger values indicate a higher likelihood of manipulation. An
overview of SPLIT is shown in Fig. 2.
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Fig. 2: Overview of SPLIT. A frozen vision encoder produces patch tokens P ∈
RT×N×D, from which two signals are computed: Two-step Temporal Roughness (TTR),
comparing 1-step and 2-step feature variations, and Local Spatial Motion Incoherence
(LSMI), measuring spatial gradients of a feature-space motion field. These are com-
bined via gamma-corrected multiplicative fusion and thresholded using real-only cali-
bration to classify videos as real or AI-generated/edited.

3.2 Patch Token Extraction

Given an input video clip x ∈ RT×3×H×W , we extract per-frame patch tokens
using a frozen pretrained vision encoder. Let Zt ∈ RN×D denote the N patch
tokens of dimension D at time t.

For transformer encoders (e.g ., CLIP [34], XCLIP [28], DINO [31]), we use
the final-layer patch tokens and exclude the class token ([CLS]), yielding Zt ∈
RN×D. For CNN encoders (e.g ., ResNet [15], VGG [36], EfficientNet [38], Mo-
bileNet [16]), we extract the last convolutional feature map Ft ∈ RC×H′×W ′

and treat each spatial cell as a token by reshaping to Zt ∈ R(H′W ′)×C , so that
N = H ′W ′ and D = C. Stacking across time gives a patch-token tensor

P = {pt,n} ∈ RT×N×D, (1)

where pt,n ∈ RD is the feature token of patch n at time t. To support spatial
neighborhood operations, we also view tokens on a 2D grid of size Hp × Wp

such that N = HpWp. For ViT-style patchification, (Hp,Wp) corresponds to the
patch grid; for CNN feature maps, (Hp,Wp) = (H ′,W ′).

3.3 Two-step Temporal Roughness (TTR)

SPLIT targets localized temporal artifacts that frequently arise from generation
or partial edits, such as patch-wise flicker, inconsistent texture refresh, or local
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temporal misalignment. Rather than relying on a single notion of global volatil-
ity, TTR measures two-step consistency of temporal evolution in representation
space by comparing accumulated 1-step and 2-step changes. For each patch n,
we define the accumulated 1-step variation as

L1(n) =

T−1∑
t=1

∥pt+1,n − pt,n∥2, (2)

and the accumulated 2-step variation L̂2(n) together with its normalized form
L2(n), which accounts for step length and short sequences, as

L̂2(n) =

T−2∑
t=1

∥pt+2,n − pt,n∥2, L2(n) =

(
L̂2(n)

2

)
· T − 1

T − 2
, (3)

which requires T ≥ 3. TTR is then defined as a log-ratio:

TTR(n) = log2(L1(n) + ϵ)− log2(L2(n) + ϵ), (4)

where ϵ is a small constant for numerical stability. L1(n) is the consecutive-
step path length of patch n’s feature trajectory, while L2(n) is a normalized
two-step chord-length proxy. For constant-velocity evolution, the normalization
gives L2(n) = L1(n), and the two remain close for smooth motion. Irregular tem-
poral evolution, such as flicker, texture refresh, or local temporal misalignment,
makes successive patch-token displacements less aligned, increasing L1(n) rela-
tive to L2(n) and therefore increasing TTR(n). Thus, TTR is best interpreted
as a statistical patch-level cue, not a necessary property of every fake clip: gener-
ated or edited videos are more likely to contain locally rough token trajectories,
while real videos may also exhibit such behavior under cuts, shake, or abrupt
motion. Our real-only threshold calibration accounts for this natural tail of the
real-video score distribution. The log-ratio reduces sensitivity to absolute mo-
tion magnitude. We convert patch-wise roughness into a clip-level statistic by
averaging in log-space:

TTR =
1

N

N∑
n=1

TTR(n). (5)

This choice has two motivations. First, since TTR(n) = log2

(
L1(n)+ϵ
L2(n)+ϵ

)
, the aver-

age corresponds to the log of the geometric mean of per-patch roughness ratios,

TTR = log2

(∏
n

L1(n)+ϵ
L2(n)+ϵ

)1/N
, which aggregates multiplicative evidence while

reducing sensitivity to extreme outliers. Second, mean pooling estimates the ex-
pected local temporal roughness across the frame and yields a low-variance score,
which is important for our real-only threshold calibration at ultra-low FPR. This
patch-level design preserves sensitivity to localized edits while remaining robust
to content and object motion through aggregation.
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3.4 Local Spatial Motion Incoherence (LSMI)

To capture whether temporal changes are spatially coordinated, we define a
feature-space motion field and measure its local spatial disagreement. We first
reshape tokens into a grid Pt ∈ RHp×Wp×D and compute the per-step motion
field:

Mt = Pt+1 − Pt ∈ RHp×Wp×D, t = 1, . . . , T − 1. (6)

We then compute local spatial gradients of motion using forward differences:

∇xMt(i, j) = Mt(i, j)−Mt(i, j + 1), j = 1, . . . ,Wp − 1, (7)
∇yMt(i, j) = Mt(i, j)−Mt(i+ 1, j), i = 1, . . . ,Hp − 1. (8)

LSMI is the mean magnitude of these gradients, averaged across time and spatial
locations:

LSMI =
1

2

(
Et,i,j

[
∥∇xMt(i, j)∥2

]
+ Et,i,j

[
∥∇yMt(i, j)∥2

])
. (9)

Intuitively, real motion tends to be spatially coherent, with neighboring patches
changing similarly, whereas localized generation or editing artifacts often yield
spatially inconsistent temporal changes, thereby increasing LSMI.

3.5 Gamma-corrected Fusion and Scoring

We fuse the two signals with a multiplicative rule:

s(x) = TTRγ · LSMI, (10)

where larger scores indicate higher likelihood of manipulation. Here γ is a fixed,
non-learned sharpening constant that amplifies subtle TTR differences. We se-
lected γ = 8 once on a small held-out validation split and then kept it fixed for
all benchmarks and FPR targets.

To meet service-aligned constraints, we choose a threshold τ using real-
only threshold calibration such that the resulting FPR on real calibration data
matches a target (e.g ., 0.1%, 1%, or 5%). At test time, we predict manipulated
if s(x) ≥ τ and real otherwise.

4 Experiments

4.1 Experimental Setup

Training Data. SPLIT is training-free and therefore requires no training dataset.
For comparison with learning-based detectors, we train all supervised baselines
following the experimental settings of DeMamba [7] and D3 [51] using GenVideo-
100K [7] as the sole training set.
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Test Benchmarks. We evaluate on three benchmarks. FakeParts [23] targets
partially edited videos with eight manipulation categories including T2V, TI2V,
interpolation, extrapolation, inpainting, outpainting, faceswap, and style change.
GenVideo [7] focuses on T2V content from ten earlier generators. ViF-Bench [20]
targets newer 2024–2025 systems spanning fourteen T2V and five I2V generators
(e.g ., Sora-2, Wan2.2, Kling), providing an out-of-distribution test of general-
ization. Complete lists of generators for each benchmark are provided in the
supplementary material.

Baselines. We compare SPLIT against the training-free D3 [51] method as
well as ten supervised detectors: three image-level methods (FID [50], NPR [37],
STIL [11]) and seven video-level methods (FTCN [52], MINTIME [8], TALL [47],
XCLIP [28], AIGVDet [1], DeMamba [7], ReStraV [17]). NPR, STIL, FTCN,
MINTIME, TALL, XCLIP, and DeMamba are reproduced using the official De-
Mamba repository, while FID, AIGVDet, and ReStraV are trained and evaluated
using their respective official implementations. D3 is evaluated using its official
repository.

Implementation Details. We adopt a pretrained XCLIP-B/16 [28] vision encoder
for patch token extraction. Following D3 [51], we extract segments of up to 2
seconds, sample frames at 8 fps with uniform intervals, crop 10% from the longer
side, and resize all frames to 224× 224 pixels. All experiments are conducted on
an AMD EPYC 9554 64-Core Processor with an NVIDIA RTX A6000 GPU.

Service-Aligned Evaluation Metric. Standard metrics such as AUROC do not
reflect deployment settings where falsely rejecting authentic user content must
be extremely rare. We therefore report Fake Recall at fixed False Positive Rate
(FPR) on real videos α for α ∈ {0.1%, 1%, 5%}. Let s(x) be the detector score
(larger means more likely manipulated), and classify a video as fake if s(x) ≥ τ .
We choose a threshold τα using a real-only calibration set R such that the
fraction of real videos flagged as fake is at most α:

FPR(τ) ≜ Pr
x∼R

[
s(x) ≥ τ

]
, τα ≜ inf{τ : FPR(τ) ≤ α}. (11)

We then evaluate detection performance on manipulated videos F at this oper-
ating point:

Fake Recall@α ≜ Pr
x∼F

[
s(x) ≥ τα

]
. (12)

Cross-Real Threshold Transfer. To measure robustness to the choice of real cal-
ibration source, we calibrate thresholds on two disjoint real sets used in prior
work: ROVI [44] (the real subset of FakeParts) and MSR-VTT [46] (the real
subset of GenVideo). For each FPR target α, we compute τROVI and τMSR-VTT
separately, apply each threshold to the test benchmarks, and report the har-
monic mean of the resulting Fake Recall values. This prevents over-crediting
methods that are well-calibrated on only one real domain. Per-real-set results
and conventional AUROC metrics are provided in the supplementary material.
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Table 1: Fake Recall (%) on FakeParts under cross-real threshold transfer at FPR
∈ {0.1%, 1%, 5%}. Methods are grouped by horizontal lines. Overall denotes the simple
average across all categories. Best results are in bold.

Method Extrapolation Faceswap Inpainting Interpolation Outpainting

0.1% 1% 5% 0.1% 1% 5% 0.1% 1% 5% 0.1% 1% 5% 0.1% 1% 5%

NPR 0.00 1.03 8.43 0.00 0.00 0.53 0.12 2.75 12.45 0.00 0.02 1.28 0.00 0.00 0.16
STIL 0.09 0.18 2.79 0.08 0.16 2.40 0.69 1.36 7.56 0.17 0.48 2.58 0.18 0.34 1.96
FID 0.00 0.70 5.58 0.16 8.70 35.39 0.33 6.48 28.19 1.63 10.84 34.24 6.44 28.19 52.72

MINTIME 0.04 0.33 2.63 0.00 0.03 0.78 0.06 0.82 3.53 2.17 11.67 29.55 0.07 0.50 2.60
FTCN 0.23 1.35 3.69 0.00 0.24 1.49 0.05 0.68 3.54 1.25 6.10 15.03 0.00 0.64 2.05
TALL 0.05 1.27 5.22 0.00 0.13 0.88 0.26 2.04 8.32 0.24 1.59 7.29 0.19 1.09 5.08
XCLIP 0.00 0.03 0.70 0.00 0.12 1.36 0.08 0.78 4.92 0.18 1.03 4.72 0.09 0.45 2.18
AIGVDet 0.42 1.77 4.87 0.89 6.47 14.63 0.98 7.10 19.79 0.43 3.18 7.62 0.56 1.80 3.50
DeMamba 0.00 0.05 0.45 0.03 0.21 1.92 0.07 1.06 5.01 0.00 1.35 8.40 0.14 1.32 6.06
ReStraV 23.27 61.48 81.58 12.98 50.72 77.63 19.09 30.70 34.53 0.18 11.72 50.69 91.45 98.92 99.79

D3 0.00 16.77 58.66 0.04 40.86 86.89 0.00 1.20 7.05 0.00 11.60 53.61 2.72 66.03 94.13
SPLIT 97.86 99.37 99.86 60.09 84.21 96.35 2.48 14.63 33.56 67.81 87.57 96.58 96.52 99.23 99.85

Method Style Change T2V TI2V Overall

0.1% 1% 5% 0.1% 1% 5% 0.1% 1% 5% 0.1% 1% 5%

NPR 0.04 1.36 4.78 0.38 4.25 18.45 0.45 4.67 21.43 0.12 1.76 8.44
STIL 2.19 4.20 15.63 6.72 11.30 31.79 3.52 6.85 22.96 1.70 3.11 10.96
FID 12.26 38.59 64.28 11.15 37.61 62.68 5.67 30.49 63.15 4.71 20.20 43.28

MINTIME 3.54 20.74 41.95 2.19 12.99 30.92 4.24 25.27 56.10 1.54 9.04 21.01
FTCN 13.98 33.91 55.65 8.57 24.13 42.81 19.41 50.10 72.75 5.44 14.65 24.63
TALL 0.30 1.65 6.53 0.32 1.89 6.84 0.05 0.71 3.39 0.18 1.30 5.44
XCLIP 1.56 8.65 26.55 3.91 14.88 34.28 9.53 29.74 58.89 1.92 6.96 16.70
AIGVDet 3.69 8.54 12.26 31.65 47.88 56.74 34.39 61.26 76.42 9.13 17.25 24.48
DeMamba 1.31 8.76 25.52 1.59 9.47 24.13 3.37 17.61 43.48 0.81 4.98 14.37
ReStraV 18.60 69.91 90.06 46.65 79.45 90.37 73.13 92.26 97.40 35.67 61.89 77.75

D3 0.34 40.14 79.63 14.46 68.30 93.22 0.66 54.49 91.56 2.28 37.42 70.59
SPLIT 98.80 99.71 99.92 76.74 85.34 91.64 95.27 98.61 99.86 74.45 83.58 89.70

Table 2: Fake Recall (%) on GenVideo under cross-real threshold transfer at FPR
∈ {0.1%, 1%, 5%}.

Method Crafter [5] Gen2 [9] HotShot [27] Lavie [43] ModelScope [41] MoonValley [25]

0.1% 1% 5% 0.1% 1% 5% 0.1% 1% 5% 0.1% 1% 5% 0.1% 1% 5% 0.1% 1% 5%

NPR 0.42 7.61 30.60 0.28 3.27 15.14 0.00 1.68 20.25 0.00 0.84 9.56 1.64 8.88 23.97 0.63 4.53 25.30
STIL 22.75 31.19 60.45 12.83 20.49 53.42 12.71 21.59 46.23 10.50 16.46 38.78 10.14 17.10 43.23 20.61 31.22 64.96
FID 78.71 93.76 98.23 17.47 54.61 80.12 56.46 90.16 97.91 29.09 69.23 89.30 22.88 64.27 87.77 63.23 91.98 98.22

MINTIME 15.06 59.57 90.95 9.10 51.27 85.51 1.49 10.46 30.85 13.23 56.53 85.93 6.81 29.50 58.57 9.42 43.20 79.71
FTCN 61.09 88.03 96.60 43.44 77.09 90.16 15.56 42.77 66.90 33.32 68.78 86.64 21.76 48.92 69.52 30.80 71.41 91.26
TALL 0.46 2.26 6.70 0.22 2.49 9.00 0.84 3.27 10.13 0.00 0.77 3.54 0.41 3.30 8.94 0.00 1.00 4.88
XCLIP 12.00 42.72 74.03 5.98 28.32 68.55 5.53 18.99 48.72 5.78 18.73 45.42 5.98 23.47 58.17 7.78 30.57 70.79
AIGVDet 79.71 93.15 97.26 64.78 81.91 90.58 0.00 0.00 0.00 15.39 31.14 44.37 53.99 77.86 89.40 87.62 96.50 98.47
DeMamba 21.94 54.77 79.07 22.96 59.21 83.98 4.08 21.31 45.52 3.74 22.57 50.95 3.89 20.40 46.27 2.86 16.72 40.36
ReStraV 20.12 67.68 90.78 64.86 84.82 93.07 42.47 93.37 98.84 31.00 74.97 88.58 59.37 86.48 94.19 55.44 80.02 87.01

D3 15.05 75.72 94.00 8.39 87.91 98.73 3.05 61.21 89.38 2.24 65.21 88.34 1.96 53.09 84.63 19.41 85.35 97.18
SPLIT 91.65 97.49 99.71 60.49 81.73 94.96 99.93 100.00 100.00 93.80 96.96 98.82 89.01 94.56 98.14 57.22 81.43 95.77

Method MorphStudio [26] Show_1 [49] Sora [3] WildScrape [7] Overall

0.1% 1% 5% 0.1% 1% 5% 0.1% 1% 5% 0.1% 1% 5% 0.1% 1% 5%

NPR 0.28 2.74 17.94 0.00 0.00 0.82 0.00 0.00 16.48 0.22 3.25 15.57 0.35 3.28 17.56
STIL 15.29 21.80 49.91 8.14 14.37 40.08 7.14 12.24 33.01 7.22 11.56 30.99 12.73 19.80 46.11
FID 29.10 71.67 91.75 18.19 56.37 86.94 0.00 8.83 25.25 25.17 46.08 66.00 34.03 64.69 82.15

MINTIME 14.03 55.51 88.93 6.99 36.54 73.00 2.38 14.06 28.57 13.00 43.49 67.29 9.15 40.01 68.93
FTCN 55.20 82.67 94.62 20.81 53.68 75.76 10.42 18.99 33.01 35.55 55.63 67.50 32.80 60.80 77.20
TALL 0.78 2.95 9.39 0.00 2.82 9.52 0.00 0.00 2.68 0.17 1.03 5.90 0.29 1.99 7.07
XCLIP 19.04 43.27 71.59 6.73 28.76 54.24 5.10 17.86 43.30 8.34 24.11 48.90 8.23 27.68 58.37
AIGVDet 68.36 86.08 94.58 11.58 24.31 34.16 37.72 67.81 79.37 34.64 46.88 55.78 45.38 60.56 68.40
DeMamba 18.61 47.15 73.28 10.58 38.06 67.43 2.86 12.61 27.42 8.50 26.35 45.90 10.00 31.91 56.02
ReStraV 38.15 81.76 93.72 40.09 87.82 96.83 64.67 89.11 96.30 39.07 72.82 83.88 45.52 81.89 92.32

D3 2.78 59.61 89.99 1.40 72.99 95.73 0.00 64.56 94.61 0.44 39.31 72.63 5.47 66.50 90.52
SPLIT 96.19 98.86 99.79 98.13 99.93 100.00 90.93 99.10 100.00 74.30 80.89 86.27 85.16 93.09 97.35
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Table 3: Fake Recall (%) on ViF-Bench under cross-real threshold transfer at FPR
= 0.1%. Results for FPR ∈ {1%, 5%} are provided in the supplementary material.

Method T2V Models I2V Models Overall
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NPR 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
STIL 2.02 3.05 5.58 3.54 3.03 0.51 6.57 1.52 1.32 3.51 1.71 1.08 2.21 1.11 1.01 1.52 0.51 1.01 0.00 2.15
FID 10.59 5.89 0.96 6.09 9.84 0.97 3.91 0.91 10.21 5.88 1.07 21.54 4.63 0.93 0.00 5.10 2.39 7.41 0.93 5.22

MINTIME 11.10 10.71 7.44 10.66 15.38 2.95 10.88 2.96 9.25 19.58 9.39 17.86 14.29 2.71 0.00 3.65 2.13 0.81 0.85 8.03
FTCN 18.61 24.57 14.07 23.43 16.39 6.17 16.72 1.68 16.81 42.84 22.26 28.46 39.23 3.45 0.00 7.84 4.02 4.71 2.50 15.46
TALL 0.00 0.51 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.51 0.05
XCLIP 1.21 2.71 0.00 3.37 0.00 0.51 2.42 0.00 0.00 2.63 0.57 0.00 0.55 0.00 0.00 1.01 0.00 0.00 0.00 0.79
AIGVDet 21.04 27.76 46.82 57.24 28.51 24.69 42.14 16.32 11.47 50.35 18.29 31.32 47.51 18.66 0.92 13.30 10.39 15.20 6.13 25.69
DeMamba 1.73 7.41 0.76 3.52 5.37 1.44 5.31 2.69 4.85 9.93 2.85 1.62 5.87 1.67 0.68 1.62 1.53 2.34 1.44 3.30
ReStraV 17.35 36.31 23.22 42.81 36.97 28.47 35.59 20.63 25.08 48.00 51.70 45.72 34.63 19.95 32.32 34.25 48.16 46.94 16.58 33.93

D3 14.32 0.00 2.01 0.00 0.00 0.00 0.00 0.00 0.00 0.00 1.13 0.00 0.00 0.00 1.01 0.00 0.00 0.00 0.00 0.97
SPLIT 84.77 80.60 73.98 73.79 92.05 93.37 80.71 96.66 87.38 70.53 93.23 97.01 71.42 91.70 61.58 82.38 83.09 92.64 98.98 84.52

4.2 Results and Analysis

Fake Recall under cross-real threshold transfer is reported in Tabs. 1 to 3. Across
all three benchmarks, SPLIT consistently achieves the highest Fake Recall de-
spite being entirely training-free.

FakeParts. SPLIT attains 74.45% Fake Recall at FPR =0.1% overall (95%
category-stratified bootstrap CI [72.42%, 76.14%]; see supplementary material),
compared to 35.67% for the best supervised baseline (ReStraV) and 2.28%
for D3 (CI [0.53%, 5.43%]). Several categories are near-saturated even at this
strictest threshold: Extrapolation (97.86%), Outpainting (96.52%), Style Change
(98.80%), and TI2V (95.27%). Faceswap (60.09%) and Interpolation (67.81%)
also show substantial improvements over all baselines. Inpainting remains the
most difficult category (2.48% at FPR= 0.1%). Nevertheless, SPLIT ranks sec-
ond among the compared methods, reflecting the challenge of detecting edits
confined to a small spatial region per frame.

GenVideo. SPLIT achieves 85.16% Fake Recall at FPR= 0.1%, rising to 93.09%
at 1% and 97.35% at 5%. The strongest supervised competitor under the strictest
constraint is ReStraV at 45.52%, while D3 reaches only 5.47%. SPLIT exceeds
90% at FPR = 0.1% on six of the ten generators, with performance improves
substantially as FPR relaxes, consistent with a score distribution that provides
stable separation between real and generated content.

ViF-Bench. At FPR = 0.1%, SPLIT achieves 84.52% overall Fake Recall and
ranks first on every individual generator. Supervised detectors degrade sharply:
the best baseline (ReStraV) reaches 33.93%, while D3 drops to 0.97%. This
confirms that patch-level TTR and LSMI cues capture generation artifacts that
persist across architectural generations of video synthesizers, without requiring
retraining.
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Table 4: Cross-real threshold transfer
stability. Actual FPR (%) on a held-out
real domain when the threshold is cali-
brated to a target FPR on a disjoint real
domain. Values closer to the nominal tar-
get (0.1, 1, or 5%) indicate more stable
cross-domain calibration.

MSR-VTT → ROVI ROVI → MSR-VTT

Method @0.1 @1 @5 @0.1 @1 @5

FID 0.62 8.25 38.64 0.01 0.16 0.67
FTCN 0.48 2.28 7.40 0.01 0.28 2.68
AIGVDet 13.22 25.12 31.69 0.00 0.00 0.02
ReStraV 0.00 0.00 0.00 15.30 39.86 66.10
D3 0.00 0.07 1.52 1.18 4.06 9.04

SPLIT 0.03 0.29 4.22 0.56 2.18 5.49

0 20 40 60 80 100

FakeParts Overall (%)

FID

FTCN

AIGVDet

ReStraV

D3 (MobileNet-v3)

SPLIT (MobileNet-v3)

D3 (XCLIP-B/16)

SPLIT (XCLIP-B/16)

+72.17 pp

+48.40 pp

10
2

10
3

Inference Time (s)

Fig. 3: Comparison of FakeParts Overall
Fake Recall at FPR = 0.1% (left) and end-
to-end inference time on 1,000 FakeParts
T2V samples and batch size of 1 (right, log
scale). Inference time for AIGVDet includes
RAFT [39]-based optical flow preprocess-
ing.

Analysis. The performance gap is most pronounced at FPR =0.1%, precisely
the regime relevant to deployment. This supports our central hypothesis: local-
ized spatiotemporal incoherence—measured at the patch level on frozen encoder
tokens—provides a discriminative and broadly generalizable signal. By avoid-
ing clip-level aggregation, SPLIT preserves sensitivity to partial manipulations
while remaining robust across diverse and newly emerging video generators,
without any generator-specific training or adaptation, under real-only thresh-
old calibration with cross-real transfer.

4.3 Cross-Real Threshold Transfer

A practical deployment concern is whether a threshold calibrated on one real-
only source remains reliable when the target real distribution differs. As shown
in Tab. 4, we report the actual rejection rate on a held-out real domain when the
threshold is set to achieve a target FPR on a different real domain. We compare
against the five strongest competing methods selected by FakeParts Overall Fake
Recall at FPR= 0.1%.

Our method maintains the transferred FPR close to the intended target in
both directions, indicating stable calibration across real domains rather than
over-specialization to a particular real set. Several baselines, by contrast, exhibit
pronounced domain-dependent drift: a threshold tuned on one real source can
become substantially more permissive or more restrictive on the other, undermin-
ing operation at ultra-low FPR. This stability, combined with the strong Fake
Recall reported in §4.2, confirms that SPLIT’s patch-level signals generalize not
only across generators but also across real-data distributions—a prerequisite for
practical threshold setting without access to target-domain real samples.
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Table 5: Fake Recall (%) on FakeParts Overall at FPR∈ {0.1%, 1%, 5%} for Gaussian
blur (σ=1, 2), JPEG compression (q=90, 80), and Axis Flips (x, y) post-processing,
compared against the unperturbed baseline.

Method Baseline Gaussian Blur (σ = 1) Gaussian Blur (σ = 2) JPEG (q = 90) JPEG (q = 80) Flip (x-axis) Flip (y-axis)

0.1% 1% 5% 0.1% 1% 5% 0.1% 1% 5% 0.1% 1% 5% 0.1% 1% 5% 0.1% 1% 5% 0.1% 1% 5%

NPR 0.12 1.76 8.44 0.25 2.10 9.49 0.24 1.96 6.67 0.11 1.66 8.24 0.13 1.70 8.29 0.12 1.77 9.03 0.14 1.79 8.78
STIL 1.70 3.11 10.96 1.41 3.35 11.58 1.08 2.67 9.70 1.68 2.97 10.52 1.69 3.15 10.24 1.21 3.36 11.33 1.67 3.05 10.01
FID 4.71 20.20 43.28 3.83 11.63 24.72 1.48 6.50 18.68 4.78 20.22 43.68 4.98 21.82 44.11 4.20 21.25 44.78 0.22 1.18 5.58

MINTIME 1.54 9.04 21.01 1.18 6.36 16.60 0.43 3.84 11.75 1.22 7.31 17.72 0.94 5.98 15.80 1.95 10.02 22.61 1.20 6.64 16.56
FTCN 5.44 14.65 24.63 4.74 10.68 19.97 1.50 6.21 14.19 5.48 13.70 23.33 5.74 12.62 22.10 6.13 15.95 26.53 5.18 12.81 22.93
TALL 0.18 1.30 5.44 0.18 1.15 5.28 0.15 1.16 5.00 0.18 1.28 5.45 0.18 1.29 5.52 0.19 1.25 5.34 0.19 1.29 5.63
XCLIP 1.92 6.96 16.70 2.12 8.05 17.49 1.67 6.15 14.29 1.31 5.92 14.78 1.19 5.41 13.98 3.06 8.11 17.00 1.49 6.11 15.06
AIGVDet 9.13 17.25 24.48 9.35 18.21 25.10 9.96 18.65 26.96 9.99 16.43 24.12 9.49 16.76 24.01 9.67 17.15 24.03 8.27 16.86 23.54
DeMamba 0.81 4.98 14.37 1.29 4.80 13.05 0.82 3.21 9.86 1.07 4.56 13.55 1.03 4.81 13.28 1.65 6.09 15.83 0.99 5.04 15.05
ReStraV 35.67 61.89 77.75 44.46 72.60 82.99 54.73 75.13 83.33 32.66 55.99 75.08 24.42 47.32 71.83 30.25 54.85 75.48 38.50 60.50 77.55

D3 2.28 37.42 70.59 1.53 28.60 66.87 1.89 23.57 63.79 2.16 38.27 71.03 2.78 39.84 71.73 2.50 40.98 74.70 2.09 37.65 70.32
SPLIT 74.45 83.58 89.70 62.54 77.49 88.71 55.42 73.50 88.47 70.45 80.89 88.83 64.40 77.11 87.12 75.73 82.79 88.84 66.92 80.42 88.52

4.4 Inference Efficiency

Inference time on 1,000 FakeParts T2V samples is reported in Fig. 3. Because
feature encoding dominates the computational cost, our lightweight patch-level
TTR and LSMI computations add negligible overhead to the frozen encoder for-
ward pass. When paired with the same backbone, SPLIT matches D3’s runtime
while boosting the FakeParts Overall Fake Recall at FPR =0.1% from 2.28%
to 74.45% with XCLIP-B/16. SPLIT delivers substantially stronger detection
under service-aligned thresholds without sacrificing practical throughput.

4.5 Robustness to Post-Processing

We evaluate robustness on FakeParts Overall under common post-processing
operations—Gaussian blur (σ= 1, 2), JPEG compression (q= 90, 80), and geo-
metric axis flips (horizontal x, vertical y)—and report Fake Recall at service-
aligned FPR targets in Tab. 5.

Across perturbations and operating points, SPLIT remains the best method
by a wide margin. Blur is the most disruptive: at FPR= 0.1%, Fake Recall drops
from 74.45% to 55.42% under σ=2, yet still exceeds the best supervised base-
line (ReStraV, 54.73%). JPEG compression is substantially less harmful (SPLIT
retains 70.45% at q=90 and 64.40% at q=80), suggesting our patch-level spa-
tiotemporal cues do not depend on fragile high-frequency pixel artifacts. Geo-
metric flips have minimal impact: horizontal flipping leaves performance essen-
tially unchanged, while vertical flipping causes only a modest decrease (66.92%
at FPR= 0.1%), consistent with the fact that our scoring aggregates patch-wise
evidence without relying on absolute spatial orientation.

At the looser FPR= 5% operating point, performance remains near-saturated
and stable across all perturbations (87.12–89.70%), indicating that SPLIT main-
tains robust detection under realistic video transformations while preserving a
substantial advantage in the deployment-critical ultra-low-FPR regime.
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Table 6: Component ablation on
FakeParts Overall. Fake Recall (%) is re-
ported under cross-real threshold transfer
at FPR ∈ {0.1%, 1%, 5%}. Checkmarks
denote active components.

Patch-level TTR LSMI FakeParts

0.1% 1% 5%

✓ 54.21 76.72 88.77
✓ ✓ 68.29 82.09 89.37
✓ ✓ 8.04 14.63 25.07
✓ ✓ ✓ 74.45 83.58 89.70
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Fig. 4: Effect of the gamma exponent γ on
FakeParts Overall Fake Recall (%).

5 Ablation Studies

5.1 Contribution of Each Component

We isolate the contribution of each SPLIT component on FakeParts Overall
under cross-real threshold transfer, as summarized in Tab. 6. Replacing global
[CLS] embeddings with patch-level tokens for TTR yields the single largest im-
provement, boosting Fake Recall by +14.08 points at FPR = 0.1% (from 54.21%
to 68.29%), confirming that patch-level granularity is essential for detecting par-
tial manipulations. LSMI alone is a weaker standalone signal, yet it captures
complementary spatial-coherence evidence: fusing Patch-level TTR with LSMI
achieves the best performance across all operating points, with the largest margin
at the strictest threshold (+6.16 over Patch-level TTR alone). These results con-
firm that patch-level temporal roughness is the primary discriminative cue, while
LSMI provides additional spatial incoherence information that further strength-
ens separation under strict real-only calibration. We include an extended analysis
of TTR step size and qualitative diagnostics in the supplementary material.

5.2 Effect of Gamma Exponent γ

As shown in Fig. 4, we examine the influence of the gamma exponent γ in the
fusion rule s(x) = TTRγ ·LSMI and report FakeParts Overall Fake Recall under
cross-real threshold transfer at FPR ∈ {0.1%, 1%, 5%}. Increasing γ from 1 to
8 yields consistent and substantial gains across all operating points, confirming
that gamma correction effectively amplifies subtle TTR differences to sharpen
the separation between real and manipulated videos. Beyond γ = 8, performance
saturates: γ = 16 offers negligible further improvement and can even produce
marginal regression at certain FPR levels. We therefore adopt γ = 8 throughout.
Additional sensitivity analyses on GenVideo and ViF-Bench show the same trend
and are provided in the supplementary material.
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Table 7: Effect of the vision encoder on Fake Recall (%).

Vision Encoder Method FakeParts GenVideo ViF-Bench

0.1% 1% 5% 0.1% 1% 5% 0.1% 1% 5%

CLIP-B/16 D3 1.66 39.79 69.94 2.37 58.19 86.13 0.74 48.62 88.78
SPLIT 71.47 81.56 89.39 85.87 93.14 97.81 85.29 94.86 98.38

CLIP-B/32 D3 0.64 31.17 67.19 0.14 47.89 85.39 0.50 45.53 89.50
SPLIT 47.37 72.01 88.56 63.55 82.33 95.54 54.76 87.22 98.12

DINOv2-B D3 4.00 36.41 61.49 16.32 64.01 84.08 3.97 54.90 83.40
SPLIT 47.77 70.73 87.63 68.03 84.18 95.50 56.64 86.52 97.98

DINOv2-L D3 4.12 28.24 54.54 15.99 55.26 78.43 6.21 44.00 75.86
SPLIT 49.06 68.25 86.45 68.71 83.32 95.09 55.95 82.64 97.47

XCLIP-B/16 D3 2.28 37.42 70.59 5.47 66.50 90.52 0.97 46.77 87.77
SPLIT 74.45 83.58 89.70 85.16 93.09 97.35 84.52 95.08 98.46

XCLIP-B/32 D3 0.67 27.63 65.75 0.94 54.34 87.43 0.53 34.43 81.72
SPLIT 60.23 77.34 89.07 70.19 85.17 95.25 68.25 91.36 98.34

ResNet18 D3 1.93 34.70 68.55 1.68 53.89 85.89 0.94 43.73 87.99
SPLIT 61.23 77.87 88.01 76.10 89.38 96.57 73.53 89.35 96.65

VGG16 D3 4.32 51.01 74.85 2.48 68.33 87.57 1.67 65.61 92.85
SPLIT 58.75 73.70 85.18 78.62 88.77 95.63 70.59 85.53 94.63

EfficientNet-b4 D3 1.41 21.06 51.74 3.64 40.52 72.99 0.97 26.81 66.49
SPLIT 49.03 73.38 87.46 60.25 81.24 93.02 56.74 85.39 95.99

MobileNet-v3 D3 1.77 31.60 62.67 1.60 50.15 80.48 1.02 41.68 82.13
SPLIT 49.81 71.03 86.02 67.15 83.76 94.42 61.07 84.57 95.52

5.3 Effect of the Vision Encoder

We ablate the frozen vision encoder used for patch token extraction, as sum-
marized in Tab. 7, comparing SPLIT against D3 under cross-real threshold
transfer across all three benchmarks. SPLIT consistently and substantially out-
performs D3 with every tested backbone, spanning transformer (CLIP, XCLIP,
DINOv2) and CNN (ResNet18, VGG16, EfficientNet-b4, MobileNet-v3) archi-
tectures, with margins peaking at the deployment-critical FPR = 0.1%. This uni-
versal improvement confirms that the gains stem from patch-level spatiotemporal
scoring rather than from any particular pretrained representation.

Encoder choice modulates performance but does not alter the conclusion.
Transformer backbones with finer spatial granularity yield the strongest results,
B/16 variants consistently outperform their B/32 counterparts, consistent with
our hypothesis that localized artifacts are better captured at higher patch res-
olution. Lightweight CNN encoders still deliver large improvements over D3,
demonstrating that the detection signal is encoder-agnostic. These results jointly
show that replacing D3’s global clip-level aggregation with localized TTR and
LSMI measurement is the dominant driver of performance, while stronger vision
tokenizers further amplify this advantage under strict real-only calibration.
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6 Conclusion

We presented SPLIT, a training-free detector for AI-generated and partially
edited videos that measures localized manipulation evidence on patch tokens
from a frozen vision encoder through two complementary signals—Two-step
Temporal Roughness (TTR) and Local Spatial Motion Incoherence (LSMI)—
fused via gamma correction without any learned parameters. Together with a
service-aligned evaluation protocol based on Fake Recall at fixed FPR with real-
only threshold calibration and cross-real threshold transfer, we evaluated SPLIT
across three benchmarks spanning partial edits (FakeParts), near-domain gen-
erators (GenVideo), and out-of-distribution 2024–2025 generators (ViF-Bench).
SPLIT consistently achieved the highest Fake Recall at FPR targets as strict
as 0.1%, substantially outperforming both supervised and training-free base-
lines while remaining robust to post-processing with negligible overhead. These
results demonstrate that localized spatiotemporal incoherence on frozen patch
tokens provides a strong and generalizable signal for reliable video manipula-
tion detection under practical deployment constraints. We advocate reporting
service-aligned operating points, such as Fake Recall at α = 0.1% with real-
only threshold calibration and cross-real threshold transfer, as a key metric for
real-world AI-generated video detection.
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