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Abstract

Recent video generators produce visually smooth motion,
yet their outputs are rarely grounded in a stable physical
time scale. A clip saved at 24 FPS may depict motion
that is perceptually closer to slow motion, acceleration,
or a mixture of both across different segments. We call
this failure mode chronometric hallucination: the visual
dynamics of a generated video imply an ambiguous and
uncontrollable physical frame rate. We introduce Visual
Chronometer, a predictor that estimates Physical Frames
Per Second (PhyFPS) directly from visual dynamics, rather
than trusting unreliable container metadata. The model is
trained through controlled temporal resampling, including
sharp capture, exposure blur, and rolling-shutter simula-
tion, so that it learns motion-grounded time cues. We fur-
ther build PhyFPS-Bench-Real for validating PhyFPS
prediction and PhyFPS-Bench-Gen for auditing mod-
ern video generators. Across open- and closed-source sys-
tems, our measurements reveal large meta FPS–PhyFPS
gaps and substantial intra- and inter-video temporal instabil-
ity. Finally, PhyFPS-guided retiming significantly improves
human-perceived temporal naturalness, suggesting that ex-
plicit time-scale measurement is a necessary step toward
physically grounded video generation.

1. Introduction
Modern video generators have made rapid progress in spatial
realism and are increasingly described as physical world
models [6, 9, 10, 16, 20]. Yet physical simulation requires
more than smooth frame-to-frame interpolation: it requires
a stable relationship between displacement and elapsed time.
In practice, today’s systems often generate motion whose
visual speed is disconnected from the nominal frame rate of
the output container. A video saved at 24 FPS may look as
if it should be played at 35, 45, or even 60 FPS to match
normal real-world motion.

We attribute this ambiguity to a common training practice:
internet-scale video corpora mix normal footage, slow mo-
tion, time-lapse, edited clips, and metadata-corrupted files,

while training pipelines often normalize them into a small
set of saved frame rates. The model therefore observes many
visually different physical speeds under the same metadata
label. It can learn plausible kinematics, but not a reliable
pulse of motion. We call the resulting failure chronometric
hallucination: generated motion has an ambiguous, unsta-
ble, and weakly controllable physical time scale (Fig. 1).

This paper studies how to measure that pulse directly
from visual dynamics. We define Physical Frames Per
Second (PhyFPS) as the frame rate implied by the depicted
physical motion, distinct from the file’s nominal meta FPS.
We then introduce Visual Chronometer, a regression model
that estimates PhyFPS from raw frames. Unlike metadata-
based approaches, Visual Chronometer asks what playback
rate would make the visible motion correspond to real-world
time. This lets us audit video generators, diagnose whether a
generated clip is globally mis-timed or locally unstable, and
retime outputs to improve perceptual naturalness.

Our contributions are threefold. First, we formalize
chronometric hallucination and PhyFPS as a measurable
time-scale property of video generation. Second, we train
Visual Chronometer through controlled temporal resam-
pling and camera-inspired augmentations, yielding a ro-
bust predictor of physical frame rate. Third, we intro-
duce PhyFPS-Bench-Real and PhyFPS-Bench-Gen
to validate prediction accuracy and to audit state-of-the-art
generators. Our experiments show severe meta FPS–PhyFPS
mismatch across current systems, while PhyFPS-guided post-
processing is strongly preferred by human viewers.

2. Related Work
Video generation and world models. Large video gen-
erators now combine diffusion or autoregressive generation
with temporal attention, 3D operators, and latent-space video
representations [5, 9, 10, 16, 20]. These systems are increas-
ingly evaluated not only as media synthesis tools, but also as
candidates for physical world modeling. However, most ar-
chitectures and training pipelines emphasize semantic align-
ment, spatial fidelity, and frame-to-frame smoothness. The
physical duration represented by a frame transition is usu-
ally inherited from metadata or a fixed decoding convention,



A hummingbird hawk-moth hovering and darting between bright pink blossoms.

A person stands on the bed and then lies down.

Sora-2

Grok-Imgine-T2V

（a)

（b)

Figure 1. Chronometric hallucination. Generated videos can depict physically implausible time scales even without prompts such as “slow
motion.” Examples include a hummingbird hawk-moth rendered with slow wing beats and a falling person moving slower than gravity
would suggest.

rather than supervised as a first-class condition. This leaves
a gap between visually plausible motion and physically cali-
brated motion.

Visual time and speed perception. Prior work has shown
that temporal structure is visually observable. SpeedNet-
style self-supervision learns to distinguish normal-rate from
sped-up videos, while arrow-of-time methods study whether
a model can recover playback direction from dynamics.
Hyperlapse and time-remapping methods further demon-
strate that visual motion determines perceived temporal flow.
These tasks, however, are usually categorical or relative:
faster versus slower, forward versus backward, or which seg-
ments to sample. Visual Chronometer instead treats physical
time scale as an absolute continuous variable and predicts a
scalar PhyFPS.

Temporal evaluation for video generation. Standard
video metrics such as FVD, LPIPS, and temporal consistency
scores measure distributional realism or frame coherence,
but they do not ask whether a generated action unfolds at
the correct physical speed. Recent benchmark suites add
dimensions for dynamics and physics-adjacent reasoning,
yet time-scale calibration remains largely unmeasured. Our
benchmarks complement these efforts by asking a specific
chronometric question: given the visible motion, what phys-
ical frame rate does the video imply, and how stable is that
rate within and across generated samples?

3. Visual Chronometer

3.1. Training data with known physical time
Training a PhyFPS predictor requires videos whose physi-
cal time scale is known. We therefore collect source clips
from high-frame-rate and sensor-grounded datasets where
the nominal frame rate is trusted to match real time, includ-
ing Adobe240 [15], BVI-VFI [3], UVG [12], autonomous

driving videos with sensor synchronization [14], physics-
grounded human motion [11], and controlled in-house cap-
tures.

The central design constraint is that the training sig-
nal must not already contain chronometric ambiguity. We
therefore avoid clips whose apparent speed may have been
changed by editing, slow-motion export, or platform-side
frame-rate conversion. We use the verified source clips as
anchors where meta FPS and PhyFPS coincide, and then
deliberately create new physical rates under known transfor-
mations. This gives the model supervision over time scale
without relying on unreliable web-video metadata.

From these sources, we synthesize labeled PhyFPS vari-
ants through controlled temporal resampling. Each source
video is first interpolated to a high-frequency base rate
FH = 240 FPS using RIFE [7]. For a target rate FL, with
N = FH/FL, we generate low-rate frames ILk from the
high-rate sequence IH under three camera-inspired mecha-
nisms:

ILk = IH⌊kN⌋ sharp capture, (1)

ILk =
1

M

M−1∑
i=0

IH⌊kN⌋+i motion blur. (2)

For rolling shutter, a pixel at column x is sampled from a pro-
gressively shifted time index ⌊kN⌋+⌊Mx/W ⌋, where W is
image width. We vary M ∈ {N,N/2, N/4} to cover long,
medium, and short exposures. This augmentation makes
the model rely on intrinsic dynamics instead of memorizing
scene categories or idealized displacement patterns.

3.2. Architecture and objective
Given a video clip V = {It}Tt=1, Visual Chronometer pre-
dicts the scalar PhyFPS implied by the observed motion.
We use VideoVAE+ [19] as a spatiotemporal encoder, pro-
ducing latent tokens Z = Enc(V). A lightweight attention
head pools these tokens with a learnable query, followed by
an MLP that outputs ŝ = log ŷ, the predicted log-PhyFPS.
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Figure 2. Physics-grounded temporal augmentation. We syn-
thesize low-rate videos from 240 FPS sources using sharp capture,
exposure integration, and rolling-shutter simulation.

Query pooling lets the predictor operate on arbitrary clip
lengths, while log-space regression emphasizes proportional
timing error:

Llog =
1

n

n∑
i=1

(log yi − ŝi)
2
. (3)

We train two variants. VC-Wide covers 18 rates from
2 to 240 FPS, while VC-Common focuses on common
consumer/video-generation rates from 12 to 60 FPS. Unless
otherwise stated, generator audits use VC-Common because
modern text-to-video systems usually operate in this range.
Models are optimized with Adam at 10−5 for 125k iterations
on four RTX A6000 GPUs.

The two variants serve different purposes. VC-Wide is
useful for diagnosing extreme capture regimes, including
high-speed footage and heavily retimed clips. VC-Common
is more specialized: by restricting the target support to com-
mon web and model-output frame rates, it trades range for
precision in the region most relevant to generator auditing.
At inference time, we avoid a single global prediction when
possible. Instead, overlapping windows provide multiple
local estimates, which improves robustness and exposes tem-
poral drift within a clip.

3.3. Benchmarks and metrics
PhyFPS-Bench-Real contains 4,000 verified real clips
split by source video, ensuring that training and testing do
not share scene instances. It evaluates predictor accuracy
with mean absolute error (MAE) and mean absolute percent-
age error (MAPE). PhyFPS-Bench-Gen contains 100
text prompts spanning humans, animals, vehicles, nature,
fluids, camera motion, and close-up object dynamics. We
deliberately exclude explicit speed-control phrases such as
“slow motion” or “time-lapse” so that the default physical
time scale can be measured.

The PhyFPS-Bench-Gen prompts are designed to con-
tain observable dynamics rather than static scenes: humans
walking or striking objects, animals with characteristic mo-
tion frequencies, vehicles with rigid-body displacement, flu-
ids and fire with stochastic motion, and camera motions that
create global optical flow. This diversity is important be-
cause a PhyFPS predictor should not merely recognize a few

Table 1. PhyFPS-Bench-Gen audit of generated time scale.
PhyFPS is the physical frame rate predicted from visual dynamics.
Lower error and lower CV indicate better time-scale fidelity and
stability.

Model Meta FPS PhyFPS Avg. Error ↓ Pct. Error ↓ Intra CV ↓ Inter CV ↓

Open-source models

CogVideoX-2B 24 33.64 12.46 52% 0.11 0.46
CogVideoX-5B 24 38.26 17.96 75% 0.12 0.52
HunyuanVideo 24 35.89 13.82 58% 0.12 0.36
Wan2.1-T2V-1.3B 24 26.28 7.54 31% 0.11 0.38
Wan2.1-T2V-14B 24 32.37 10.87 45% 0.14 0.36
Wan2.2-T2V-A14B 24 31.52 10.74 45% 0.12 0.38
Wan2.2-TI2V-5B 24 32.81 11.63 48% 0.15 0.38
InfinityStar (5s) 16 34.41 18.46 115% 0.11 0.38
InfinityStar (10s) 16 36.15 20.19 126% 0.16 0.36
LTX-Video 24 46.52 23.67 99% 0.10 0.33
LTX-2 25 39.77 15.70 63% 0.13 0.34

Closed-source models

Seedance-1.0-Lite 24 28.60 8.31 35% 0.15 0.37
Seedance-1.5-Pro 24 33.69 10.67 44% 0.16 0.25
Sora-2 30 36.21 8.40 28% 0.13 0.29
Grok-Imagine-T2V 24 36.97 13.97 58% 0.16 0.28
Kling-o3 24 30.04 9.10 38% 0.15 0.34
Veo-3.1-Fast 24 35.83 13.62 57% 0.17 0.33

canonical actions. It must infer time scale from the coupling
between scene content, displacement, blur, and temporal
continuity.

For each generated video v, we extract overlapping 32-
frame clips with stride 4 and predict clip-level rates f̂v,c.
The video-level and model-level physical rates are

f̄v =
1

Cv

Cv∑
c=1

f̂v,c, F̂ =
1

V

V∑
v=1

f̄v. (4)

We report meta FPS alignment via average absolute error
|f̄v − Fmeta| and percentage error. Temporal stability is
measured with coefficient of variation (CV): intra-video CV
measures fluctuation across clips within a generated video,
while inter-video CV measures variation across prompts
from the same generator.

4. Experiments
4.1. Auditing generative video models
Table 1 summarizes our PhyFPS-Bench-Gen audit. The
evaluated generators include open-source systems from the
Wan [16], LTX [5, 6], CogVideoX [20], HunyuanVideo [9],
and InfinityStar [10] families, as well as closed-source
systems including Veo, Sora, Grok Imagine, Kling, and
Seedance [2, 4, 8, 13, 18].

The dominant pattern is clear: saved frame rate and phys-
ical frame rate are frequently misaligned. Most systems pro-
duce videos whose visual dynamics imply a higher PhyFPS
than the container meta FPS, consistent with the common
observation that generated videos often appear “slow but
smooth” [17]. Wan2.1-1.3B has the lowest open-source aver-
age error, while LTX models have strong stability but large
absolute mismatch, suggesting that their outputs may be



Table 2. Accuracy on PhyFPS-Bench-Real. The average
ground-truth PhyFPS is 38.81.

Model Avg. Pred. MAE ↓ MAPE ↓

VC-Common 39.20 3.46 9%
VC-Wide 45.48 7.76 21%

Gemini-3.1-Pro (video) 31.00 21.67 43%
Seed-1.6 (video) 29.60 20.40 41%
Qwen3.5+ (video) 4.46 45.54 91%
Gemini-3.1-Pro (images) 5.15 44.85 90%
Seed-1.6-Flash (images) 30.00 20.00 40%
Qwen3.5-397B (images) 22.03 27.97 56%

internally coherent yet saved at an unsuitable nominal rate.
Closed-source models are somewhat better aligned, but they
still show sizeable errors and nontrivial intra/inter-video CV,
indicating that commercial-scale training does not eliminate
chronometric hallucination.

The distinction between alignment and stability is impor-
tant. A model can be globally miscalibrated but stable, in
which case a single metadata correction may substantially
improve playback. Conversely, a model can have a reason-
able average PhyFPS but large intra-video CV, implying
that different segments of the same clip operate at different
physical speeds. This second failure is more problematic for
world modeling because it cannot be fixed by simply chang-
ing the file header or playback rate. PhyFPS-Bench-Gen
therefore separates absolute error, intra-video stability, and
inter-video stability rather than collapsing them into one
score.

4.2. Predictor validation and VLM baselines
We validate Visual Chronometer on the real-video bench-
mark and compare against strong VLMs asked to estimate
the physical frame rate from either video input or unrolled
image sequences. Table 2 shows that VC-Common achieves
3.46 FPS MAE and 9% MAPE, substantially outperform-
ing VC-Wide and all VLM baselines. The narrower model
performs better because the target range matches common
generated-video speeds. In contrast, VLMs often collapse
to generic answers such as 24 or 30 FPS, or fail to pre-
serve frame timing after their own video subsampling. Even
image-sequence prompting does not resolve the issue, sug-
gesting that general-purpose VLMs do not currently possess
a calibrated internal motion clock.

4.3. Perceptual value of PhyFPS correction
To test whether measured PhyFPS corresponds to human
temporal naturalness, we use Visual Chronometer as a post-
processing tool. For each generated video, we compare the
original output against two retimed variants: Pred, which
uses one global predicted PhyFPS, and Pred Dyn, which
applies local clip-level retiming. We collect 1,490 pair-
wise comparisons from more than 15 participants and fit

Figure 3. Human preference. Retimed videos are preferred.
a Bradley–Terry preference model [1].

As shown in Fig. 3, users strongly prefer both corrected
variants over the original videos. The global correction ob-
tains the highest Bradley–Terry score (44.2%), followed
by dynamic local correction (36.9%) and the original out-
put (19.0%). This supports two conclusions. First, Visual
Chronometer is not only numerically accurate on real clips,
but also captures a perceptually meaningful time-scale sig-
nal for generated videos. Second, locally varying playback
speed can introduce its own perceptual discontinuities; for
short generated clips, a single averaged physical frame rate
is often the smoother correction.

4.4. Ablation
Physics-grounded augmentation is important for robust pre-
diction. A model trained only with uniform temporal subsam-
pling reaches 5.12 FPS MAE on PhyFPS-Bench-Real.
Adding exposure blur improves MAE to 4.87, while the
full VC-Common training recipe with rolling-shutter simu-
lation reaches 3.46. Temporal context length also matters:
very short clips lack enough displacement evidence, while
extremely long clips reduce the benefit of sliding-window av-
eraging. In practice, 32–64 frames provide the best balance
between local sensitivity and stable estimation.

This gain is not simply due to more data: exposure blur
and rolling shutter encode camera physics that are often the
very cues revealing physical speed in real footage.

5. Discussion and Conclusion

Chronometric hallucination is not a claim that every gen-
erated video must run at real-time speed: slow motion and
time-lapse are valid creative controls. The issue is control-
lability. A generator that cannot reliably produce a default
1× physical time scale will also struggle to obey deliberate
0.5× or 2× speed controls.

We presented Visual Chronometer, a visual predic-
tor of PhyFPS trained through physically motivated tem-
poral resampling. Using PhyFPS-Bench-Real and
PhyFPS-Bench-Gen, we showed that modern generators
suffer from large meta FPS–PhyFPS gaps and that VLMs
are unreliable temporal judges. Because PhyFPS-guided re-
timing improves human preference, explicit time-scale mea-
surement can serve as both an immediate post-processing
tool and a future supervision signal for temporally grounded
video generation.
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