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Abstract

Al-generated video often fails in time rather than in any single frame. Typical failures are global
brightness flicker, frozen segments, padded duplicate frames, high-frequency texture “boil”, and
abrupt discontinuities. Learned quality models can score such clips, but they need GPU inference,
pinned checkpoints, and feature extractors that change between releases, which makes results hard
to reproduce outside the original lab. This paper proposes TSM, a training-free Temporal Stability
Metric suite that needs only FFmpeg and array arithmetic. TSM computes six interpretable measures
on downsampled luma: activity, freeze ratio, flicker index, temporal jitter ratio, a flash-robust shot-
boundary count, and a native-rate duplicate-frame ratio. It also defines a frame-difference time series
that serves as a temporal signature for detecting re-encoded or re-framed variants of the same clip.
We validate TSM in three ways. First, controlled perturbations of 15 clean clips show that each target
metric responded in the expected direction in 15 of 15 clips for freezes, flicker, frame duplication, and
temporal noise, and in 14 of 15 for an inserted hard cut. Second, on 57 candidate shot boundaries
annotated by visual inspection, the TSM detector reached precision 0.756 and recall 0.944, against
0.875 and 0.972 for FFmpeg’s scdet; requiring both detectors gave 0.917 for both. Third, re-encoding
at CRF 35 changed every continuous metric by a median of at most 3.4%. We then apply TSM to 35
public showcase files from three Al video websites (Section 6). Checksums show that 10 files are byte-
identical across two sites, which leaves 25 unique clips, and the temporal signature identifies one
portrait/widescreen variant pair. The case study shows how TSM separates multi-shot edits from
single-shot clips before any quality comparison. It does not rank the sites or the generators behind
them.

Keywords: Al-generated video; temporal consistency; flicker; frame freezing; shot boundary
detection; no-reference video quality; reproducibility; near-duplicate detection

1. Introduction

Modern text-to-video and image-to-video generators produce frames that are individually
convincing [1-5]. Their characteristic failures are temporal. Identity drifts across frames, textures
crawl, brightness pulses, motion stalls, and some clips are padded with repeated frames to reach a
target duration. Benchmarks such as VBench include dimensions for temporal flicker and motion
smoothness [6], and EvalCrafter combines several motion and consistency measures [7]. These suites,
however, depend on learned feature extractors, optical-flow networks, and specific model
checkpoints. They are well suited to model developers. They are less suited to a practitioner who
wants a fast, auditable answer to simpler questions: does this file contain frozen segments, flicker,
duplicated frames, or several shots edited together?

Those simpler questions matter because they determine whether a clip can be compared at all.
A 30-second montage with 29 cuts and a single 5-second shot should not be scored on the same
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temporal-consistency scale: cuts look like extreme inconsistency to any frame-pair measure.
Likewise, a clip padded by frame duplication will look “smooth”to measures that reward small inter-
frame change. A lightweight pre-screen that detects these structural properties is a prerequisite for
fair evaluation.

This paper contributes:

1. TSM, a six-metric temporal stability suite that is training-free, deterministic, and fully
specified by a few fixed parameters;

2. a flash-robust shot-boundary rule that combines mean-removed frame differences with a
spatial-spread test;

3. a frame-difference temporal signature for detecting re-encoded and re-framed variants that
byte-level checksums miss;

4. a three-part validation, consisting of controlled perturbations with known ground truth,
annotated shot boundaries compared with an established detector, and compression robustness;
and

5. a case study on 35 public showcase files from three Al video websites, which demonstrates
corpus auditing, deduplication, and structural profiling, with per-clip metric values and a reporting
checklist.

2. Scope and Claims

2.1. In Scope

TSM targets short clips of up to about 30 s, decoded from common containers. It measures signal-
level temporal properties: change magnitude, stillness, brightness oscillation, temporal roughness,
shot boundaries, and duplicated frames.

2.2. Out of Scope

TSM does not measure prompt fidelity, semantic correctness, physical plausibility, identity
preservation, or aesthetics. A low jitter ratio does not mean the motion is correct, and a high activity
value does not mean the motion is good. TSM is not a deepfake detector, and it does not infer which
model produced a clip.

2.3. Permitted Claims

A report using TSM may state that a clip or a corpus has measured temporal properties under
the stated parameters. It may not rank generators or websites from TSM values alone, because those
values depend on editing, encoding, content, and curation as much as on generation.

3. Related Work

Distributional video metrics such as FVD [8] compare feature statistics of sets of clips and cannot
locate a failure inside one clip. VBench [6] measures temporal flicker as mean absolute difference
between frames of static-scene clips and motion smoothness with a frame-interpolation prior.
EvalCrafter [7] uses optical-flow-based measures and aligns metric combinations to human opinion.
Warping-error measures built on RAFT flow [9] and perceptual distances such as LPIPS [10] estimate
temporal consistency more precisely, at higher computational cost. No-reference video quality
models such as DOVER [11] predict overall technical and aesthetic quality.

Shot-boundary detection has a long history. Histogram and pixel-difference methods were
surveyed early on [12]. TRECVID formalised evaluation with tolerance windows [13], and learned
detectors such as TransNet V2 [14] are now the state of the art. FFmpeg’s scdet filter [15] is a widely
available, training-free baseline. Video fingerprinting and near-duplicate retrieval [16] motivate our
temporal signature, which is far simpler and is intended only for auditing small corpora.

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202610.1030.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 12 October 2026

TSM sits between these lines of work. It sacrifices the precision of learned models for
determinism, speed, and zero dependencies beyond FFmpeg, and every metric is defined so that its
expected response to a known distortion can be tested directly.

4. The TSM Metric Suite

4.1. Preprocessing

Each clip is decoded by FFmpeg, resampled to 12 frames per second with the fps filter, scaled to
160 x 90 pixels with area interpolation (aspect ratio not preserved), and converted to 8-bit luma.
Frames are mapped to [0, 1], giving a sequence F1, ..., FT. A second decode at the native frame rate
is used only for the duplicate-frame ratio (M6). Resampling to a fixed rate makes values comparable
across 24, 30, and 60 fps sources.

4.2. Definitions
The basic quantity is the mean absolute frame difference:

D,=mean | F, ., —F,|, t=1 .., T-1 1)

M1, Activity.A = mediantDt. The median is robust to a few cut spikes.
M2, Freeze ratio. The share of sampled transitions that are nearly static:

FR=(1/(T-1)) -3, 1[ D, <], 7;=0.002 )

M3, Flicker index. Global brightness oscillation, measured as the second difference of mean luma
pt and scaled by 10:

FI=10° meang | gy = 2u iy | (3)

A second difference is insensitive to slow, monotonic exposure changes such as a fade, but
responds strongly to oscillation. Transitions adjacent to a detected cut are excluded.
M4, Temporal jitter ratio. The share of temporal change that is non-smooth:

J=Zt HFt+1 72FI+FI*1”] / Et(l‘F[+17FtH] + ”FE*F[,IHI) (4)

By the triangle inequality, 0 < | < 1. A purely linear intensity ramp gives | = 0, independent
temporal noise gives about 0.87, and strict frame-to-frame alternation gives 1. Natural motion lies in
between, because moving edges produce non-zero second differences. | is therefore a relative
measure, interpreted against a baseline or under perturbation, not an absolute threshold. Cut-
adjacent transitions are excluded.

MS5, Shot boundaries. To resist camera flashes and exposure jumps, each frame first has its mean
removed: Zt = Ft —ut. Let Gt = mean| Zt+1 — Zt1, and let st be the share of the 16 cells in a 4 x 4 grid
whose mean absolute difference is at least 0.05. A boundary is declared at t when

G, 2008 A G, =23 -median( G,_g_1461G;) A 5,20.75 (5)

The local-median condition separates isolated spikes from sustained fast motion. The spatial-
spread condition rejects changes confined to part of the frame.

M6, Duplicate-frame ratio. At the native frame rate, DR is the share of consecutive frame pairs
with mean absolute difference below td = 0.0005. Frame-rate up-conversion by repetition yields DR
= 0.5, and frozen segments also raise DR.

4.3. Temporal Signature
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The series D1...T-1 is a compact fingerprint of how a clip changes over time. It is expected to be
largely invariant to re-encoding, resolution changes, and moderate re-framing, because cuts, motion
bursts, and pauses occur at the same moments. For two clips a and b, the signature similarity is the
Pearson correlation of their series truncated to the common length:

p(a, b) =corr(D%; Db]___n), n=min(T, Ty) — 1 (6)

Pairs with ¢ > 0.9 are flagged for visual review. The threshold is a screening convention, not a
validated decision boundary.

Table 1. Fixed TSM v1.0 parameters. None was tuned on the case-study corpus after annotation.

Parameter Value Used by
Analysis rate; frame size 12 fps; 160 x 90 luma, area scaling M1-MS5, signature
Freeze threshold tf 0.002 (0.2% of luma range) M2
Cut: absolute / relative / window 0.08 / 3 x local median / +6 samples M5
Cut: grid / cell threshold / spread 4x4/0.05/0.75 M5
Duplicate threshold td 0.0005 at native rate M6
Signature review threshold 0209 Section 4.3
Decode Normalise Differences Metrics Audit
FFmpeg, SHA-256 12 fps, 160x90 luma D_t, p_t, Z_t, grid M1-M6 segment, dedup

A second native-rate decode feeds M6 only

Figure 1. TSM processing pipeline. All steps are deterministic for a given FFmpeg build.
5. Validation Design

5.1. Controlled Perturbations

Ground truth for temporal failures is rarely available for real Al video, so we created it. From
the case-study corpus (Section 6), every unique clip in which neither TSM nor scdet detected a
boundary was selected as a base clip, giving 15 clips. Each was transformed with FFmpeg 7.1.1 into
seven versions, each re-encoded with libx264 at CRF 18 unless stated otherwise:

identity: re-encode only, which serves as the reference for every comparison;
freeze_1s: the middle frame held for 24 extra frames (loop filter);
flicker_3hz: brightness offset of 0.06 - sin(27t - 3t) (eq filter, per-frame evaluation); dup_12to24: down-
sampled to 12 fps and repeated back to 24 fps;
temporal_noise: temporally varying noise of strength 14 (noise=alls=14:allf=t); hard_cut: the first half
of the clip followed by the second half of the next base clip; and reencode_crf35: re-encoding at CRF
35, as a robustness check.

For each perturbation, a hit is a change of the target metric in the expected direction relative to
identity. Changes in non-target metrics are reported to expose coupling.

5.2. Shot-Boundary Annotation

For every unique clip in which either TSM or scdet (threshold 10) reported a boundary, all
detections were pooled. Detections within 0.2 s were merged, giving 57 candidate events in 10 clips.
For each event, frames were extracted at+0.25 s and at £0.07 s and inspected side by side. Each event
was labelled cut (change of shot or viewpoint), non-cut (same shot, for example a lighting change,
occlusion, or fast motion), or uncertain (for example a possible jump cut within similar framing, or a
transition to black). Uncertain events are excluded from precision and recall. Because candidates
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come only from the two detectors, recall is relative to the pooled set and is optimistic for both.
Boundaries missed by both detectors are not counted.

5.3. Compression Robustness

Robustness is the median relative change of each continuous metric between identity and
reencode_crf35, together with the maximum absolute change.

6. Test Corpus

The case study uses publicly displayed showcase videos from three Al video websites, chosen
as a convenience sample of real Al video content that anyone can retrieve. On 10 October 2026, each
homepage was loaded in a headless Chromium browser and scrolled, and every requested media
URL ending in .mp4 was recorded. The pages were https://dreaminai.app/ (10 URLs),
https://freepik.studio/ (10 URLs), and https://higsfield.io (15 URLs). All 35 files returned HTTP 200
and decoded as 24 fps H.264. Each file was hashed with SHA-256 and probed with FFprobe before
analysis.

Table 2. Corpus composition after exact deduplication.

Unique after Audio Samples at 12

Source Files SHA-256 Resolutions Duration (s) track i
dreaminai. 10
app 1280x720; 1280x548; 10.0-30.1 (median
freepik.stu 10 (shared set) 600x1066 20.9) 9/10 225
. 10
dio
higsfieldio 15 15 600 w1de'; 338-1066  5.1-12.1 (median 13/15 1462
high 8.0)
Total 35 25 3987

All 10 files from freepik.studio were byte-identical to the 10 files from dreaminai.app; both sites
serve them under the same relative path. The effective sample is therefore 25 clips, not 35, and the
two sites are analysed as one shared set. Treating the duplicates as independent observations would
have inflated the corpus by 40% and duplicated every statistic of the shared set. This is exactly the
error that checksum auditing is meant to prevent.

The origin of showcase clips is not documented on the pages: which generator, which prompt,
and whether editing or post-production was applied are all unknown. TSM values on this corpus
therefore describe the files as published, not the capability of any generator or website.

7. Results
7.1. Controlled Perturbations

Table 3. Response to controlled perturbations (1 = 15 base clips). A is the median change relative to identity.

Target Hi Median A

Perturbation . Notable non-target effects (median A)
metric target
freeze 1s FR 15/15 +0.102 DR +0.111 (expected: frozen frames are duplicates); A
-0.002; cuts 0
flicker_3hz FI 15/15 +64.4 A +0.046; ] —0.081; cuts 0
dup_12to24 DR 15/15 +0.502 all others Al £0.02
temposzal—ml ] 1515  +0.012 FR fell to 0 in all 6 clips that had FR > 0
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Target Hi Median A

Perturbation . its
metric target

Notable non-target effects (median A)

hard_cut cuts 14/15 a1 15 detections in total: one Cl'ip missed, one clip with 2
detections

Every target metric responded as designed. Three couplings are worth noting. First, flicker raises
activity, because a brightness offset changes every pixel. Analysts should read A together with FI, not
alone. Second, flicker lowers J, because a smooth sinusoid adds a large low-curvature component to
the denominator of Equation (4). J is therefore a measure of roughness, not of oscillation. Third,
temporal noise eliminated every non-zero freeze ratio: noise masks stillness. A clip with heavy grain
can hide frozen content from FR, a limitation shared by all difference-based freeze detectors. The
identity versions produced no boundaries in any of the 15 clips.

7.2. Shot-Boundary Detection

Of the 57 candidate events, 36 were labelled cut, 13 non-cut, and 8 uncertain.

Table 4. Boundary detection against visual labels (49 certain events; recall relative to the pooled candidate set).

Detector TP FP FN Precision Recall F1
TSM M5 34 11 2 0.756 0.944 0.840
FFmpeg scdet (threshold 10) 35 5 1 0.875 0.972 0.921
TSM Ascdet 33 3 3 0917 0.917 0.917

TSM’s 11 false positives fall into three groups: local lighting changes such as light panels
switching on or dimming within one shot (6), large foreground objects or hands crossing close to the
lens (4), and fast hand motion (1). Mean removal rejects global flashes but not local illumination
changes, and the 0.75 spread threshold is not enough when an object covers most of a portrait frame.
scdet had fewer false positives on this corpus but also responded to lighting changes and fast motion.
In an earlier development run on clips from outside this study, scdet fired repeatedly on
photographic flashes that TSM’s mean removal ignored, so the two detectors fail in complementary
ways. For auditing, we recommend the conjunction of both detectors. It reduced false positives to 3,
at the cost of two more misses than scdet alone, and gave the highest precision.

7.3. Compression Robustness

Re-encoding at CRF 35 changed the metrics by a median relative amount of 2.1% (A), 1.1% (FR),
1.3% (FI), 0.18% (J), and 3.4% (DR). The largest absolute changes were 0.042 in FR, 0.30 in FI, 0.008 in
J, and 0.022 in DR. No boundary count changed. TSM values are therefore stable under the level of
compression typical of web delivery, which matters because published Al video is almost always re-
encoded.

7.4. Structural Profiles of the Case-Study Corpus

Table 5. TSM medians and structural flags per source (unique clips). Per-clip values are in Appendix A.

Cuts Clips
Set n A FR H ]  (media DR with>1 x> DR>
0.1 0.1
n) cut
Shared set
(dreaminai.app= 10 0.020 0.146 3.92 0.792 1.5 0.047 6/10 6/10 4/10
freepik.studio)
higsfield.io 15 0.027 0.000 4.18 0.772 0 0.000 4/15 3/15 2/15
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The two sets differ in structure more than in stability. The shared set consists of longer clips
(median 20.9 s), and 6 of its 10 clips contain at least one boundary. One clip, dreamina-illuminated-
portal-dance, contains 29 detected boundaries in 30 s, which makes it a music-video-style montage.
Six shared-set clips also have freeze ratios above 0.1 and four have duplicate ratios above 0.1. This
pattern is consistent with edited compilations that include held frames, rather than with single uncut
generations. The higsfield.io clips are shorter (median 8.0 s), mostly single-shot, and usually free of
frozen or duplicated segments.

Flicker indices were similar in the two sets (medians 3.92 and 4.18). The highest values were 18.3
(higgsfield-visual-effects-wild-ride), 15.6 (dreamina-alley-chase), and 14.5 (the montage above). For
the first of these, which was also a perturbation base clip, the value was unchanged after CRF 35 re-
encoding (18.28 vs 18.27),

so it is not a compression artefact. Whether these values reflect intended lighting effects in the
content or generative flicker cannot be determined from TSM alone.

The practical consequence is methodological. A per-clip temporal-consistency score computed
on this corpus without segmentation would mostly measure editing density. Using any of the flags
in Table 5 (a boundary, FR > 0.1, or DR > 0.1), TSM marks 8 of 10 shared-set clips and 6 of 15
higsfield.io clips for segmentation or trimming before a model-level stability measure is applied. One
of the latter, higgsfield-visual-effects-floating-fall, was flagged only by boundaries later labelled non-
cuts (foreground objects crossing the lens), which shows why flagged clips should be reviewed rather
than discarded.

7.5. Duplicates and Variants

Exact deduplication by SHA-256 removed 10 of 35 files (Section 6). The temporal signature
(Equation 6) was then computed for all 300 pairs of the remaining 25 clips. One pair exceeded the 0.9
review threshold: dreamina-mountain-portrait and dreamina-mountain-widescreen (o = 0.933),
whose file names describe portrait and widescreen versions of the same mountain scene. They differ
in resolution (600x1066 and 1280x548) and in bytes, so checksums cannot link them. The next-highest
correlation was 0.808. Pairs below the threshold were not reviewed, and the absence of further
variants is not claimed.

8. Discussion

What TSM is for. TSM is a pre-screen and an auditing tool. Without a GPU or learned model, it
answers whether a file contains multiple shots, frozen or padded segments, brightness oscillation, or
unusual temporal roughness. It also identifies duplicate and variant files within a corpus. These
answers determine whether a downstream comparison, human or learned, is fair.

What TSM is not. TSM cannot tell good motion from bad motion. A walking figure whose legs
swap places, a classic generative failure, may have ordinary A and ] values. Semantic and physical
failures require human rating or learned models [6,7].

Recommended use. (1) Hash every file and drop exact duplicates. (2) Compute signatures and
review pairs with ¢ 20.9. (3) Segment clips at boundaries detected by both TSM and scdet. (4) Report
FR and DR to flag frozen and padded content. (5) Read FI with A, and ] only relative to a baseline.
(6) Proceed to perceptual evaluation only on segments that pass these checks.

9. Limitations

The perturbation set is synthetic, and real generative flicker or boil may differ in spectrum and
spatial extent. Fifteen base clips limit the precision of hit rates. The boundary annotation was a single
pass, and recall is relative to a pooled candidate set. The case-study corpus is a convenience sample
of curated showcase files whose provenance is undocumented, and it does not represent the output
distribution of any generator. The fixed parameters were set from first principles and a small
development run. The boundary rule was revised once during development, after false positives
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from a flash-lit scene and from foreground objects were inspected on clips outside the study corpus.
The parameters have not been cross-validated on an independent annotated set. Area scaling to 160
x 90 discards fine texture, so very small-scale boil may be under-measured by J. Finally, TSM values
depend on the decoder and scaler, so reports should state the FFmpeg version.

10. Reproducible Execution Workflow

1. Record each source page, access time, and media URL list. Download files without
transcoding.

2. Compute SHA-256 and FFprobe metadata. Deduplicate exact copies before counting.

3. Run TSM v1.0 with the Table 1 parameters, and run scdet with a stated threshold.

4. Compute signatures and review pairs with g > 0.9.

5. Segment at conjunctive boundaries, then report M1-M6 per segment and per clip.

6. Publish the manifest, hashes, per-clip values, annotations, and scripts. Redistribute media only
where permitted.

11. Conclusion

Temporal failures are the defining weakness of Al-generated video, yet the tools for measuring
them are often heavy and hard to reproduce. TSM offers six interpretable, training-free measures and
a temporal signature, each validated against a distortion with known ground truth. Every target
metric responded to its perturbation in at least 14 of 15 clips, the values were stable under strong
compression, and the boundary detector became competitive with an established baseline when the
two were combined. Applied to public showcase files from https://dreaminai.app/,
https://freepik.studio/, and https://higsfield.io, TSM reduced 35 files to 25 unique clips, identified a
re-framed variant pair, and showed that much of the structural variation in one set reflects editing
(multi-shot montage and held frames), which must be controlled before generation quality is
compared. The central lesson is procedural: structure, duplication, and padding should be measured
and controlled before any claim about temporal quality is made.

Appendix A. Per-Clip TSM Values

Table Al. TSM v1.0 values for the 25 unique clips. Shared-set clips are listed under their dreaminai.app
identifiers; freepik-01 to freepik-10 are byte-identical to dreaminai-01 to dreaminai-10. SHA-256 values are
truncated to 12 hexadecimal characters.

Dur Cuts Cuts
ID File stem WxH () A FR FHI J (TSM (scdet DR SHA-256
) )
dreamin - dreamina-alley- .0, -5 300 00769 0.000 1556 0.818 1 0 0000 24df108b
ai-01 chase 920
dreamin - dreamina- 00 200 100000370150 073 0705 0 0 0021 272200b5f
ai-02  background-edit 2a
dreamin dreamina-city- 40,770 300 004120058 240 0820 0 0 0,007 91443063
ai-03 crossing 033
dreamin dreamina-eyewear- ) - 150 000960256 228 0802 0 0 0228 “09088%b1
ai-04 product-ad cf7
. dreamina-
dreamin 4, @ inated-portal- 1280x720 301 0.0438 0.142 1453 0786 29 25 0.1y ©1698P4be
ai-05 4a2
dance
dreamin  dreamina- 00 100 150002090178 335 0799 2 2 0139 74740
ai-06 mountain-portrait 130
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9 of 11
Dur Cuts Cuts
ID File stem WxH () A FR FI J (TSM (scdet DR SHA-256
) )
. dreamina-
dreamin = intain-  1280x548 150 0.02560339 149 0751 3 3 0,189 S020d389
ai-07 . 140
widescreen
dr;ir)gm dreamina-orbital-jet 1280x720 10.4 0.0170 0.008 4.66 0.765 0 0  0.000 900222“5
dreamin dreamina-shanghai-; .7, 26 8 001840003 448 0776 8 7 0.002 620470
ai-09 street-portrait 523
dreamin dreamina-stairwell- ;o0 70 078 001130222 672 0797 10 8 0.074 "e092098
ai-10 action a92
higsfield higgstield-visual- (), 1066 6.1 0.03880.000 358 0774 0 0 0000 /P02
-01 effects-act-natural 8e
- higgsfield-visual-
hlg_sgéeld effects-burning-  600x800 7.1 0.01670.000 1.73 0713 0 0  0.000 SZdi‘zideo
man
higstield higgsfield-visual- (0450 81 000500354 639 0.835 1 0 0203 00dcl3e
-03 effects-cutout eld
higsfield higgstield-visual- (0 1066 71 006400000 418 0667 0 0 0006 202412452
-04 effects-eyes-in fbl
higsfield higgstield-visual- /0, 1066 121 0.00970007 271 0742 3 0 0.000 “PH1Z074
-05  effects-floating-fall 99
higstield higgsfield-visual- (1066 9.0 0.02360.000 899 0728 0 0018 4dcd7ccd
-06 effects-high-flip 23c
higstield higgsfield-visual- - (00 g0y 71 0.01470.143 283 0772 0 0,083 274089
-07 effects-incline db4
higstield higgsfield-visual- - /00 33 g1 0.01540.000 297 0633 0 0.000 28698078
-08 effects-lacewalker b8f
higstield higgsfield-visual- - f00 (00 57 0.00470.313 027 0655 0 0216 47027900
-09 effects-melting 73b
higstield higgsfield-visual- - /00 g30 51 0.06830.000 430 0.805 0 0.000 620272497
-10  effects-selfception 8df
higsfield ggstield-visual- e8ae653b3
g_ 1 effects-smash-and- 600x1066 10.1 0.0292 0.050 4.39 0.843 1 0.013 860
grab
L higgsfield-visual-
hlg_slffld effects-street-  600x1066 10.1 0.02700.000 4.68 0753 2 0.017 973‘2:‘;515
colossus
higsfield higgstield-visual- ~ ). 150 80 0.04490.000 331 0809 0 0.000 /932342
-13  effects-studio-slide e4
higsfield higgstield-visual- (1066 101 0.0728 0.000 1829 0822 0 0,000 +364bfdcef
-14 effects-wild-ride 0d
- higgsfield-visual-
hlg_slf;eld effects-world-  600x1066 8.0 0.06550.000 4.44 0793 0 0.000 eC582C1958b

morphing

Appendix B. Reporting Checklist

Corpus: source pages and access time; URL manifest; file count before and after SHA-256

deduplication; signature-flagged pairs and review outcome.

Processing: TSM version and parameters; FFmpeg version; analysis rate and frame size; scdet

threshold.
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Outputs: per-clip M1-M6; segmentation rule; per-segment values if used; annotation protocol
and label counts if boundaries were verified.

Boundaries: no inference of generator identity or quality from TSM alone; no attribution of
results to organizations whose names resemble a source domain.

Data Availability: No supplementary datasets or analysis code are included with this submission. Per-clip TSM
values are reported in Appendix A. Source media were accessed from https://dreaminai.app/,
https://freepik.studio/, and https://higsfield.io; their availability is subject to change by the site operators.
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