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Abstract- Film studies increasingly computes average shot
length from automatically detected shot boundaries.
Detectors do not identify shots. They identify
discontinuities in the visual signal, which coincide with
shots only approximately. Because that divergence is
structured by the footage rather than random, it biases
shot-length statistics rather than adding noise. Using the
ClipShots ground truth (5,138 shots across 92 videos) with
detector performance figures published for that corpus,
we simulate how detection error propagates into the
statistics the field reports. In these simulations average
shot length is systematically deflated, by 15.4% and 10.6%
for the two stronger detector profiles, because false
boundaries outnumber missed ones. Video is made to
appear as though it cuts faster than it does. The bias does
not track detector quality, and it is confounded with the
object of study. Since gradual transitions are missed far
more often than cuts, a film's bias varies almost perfectly
with the proportion of its transitions that are gradual,
itself a stylistic property. Films that cut hard and films that
dissolve are distorted in opposite directions by the feature
distinguishing them. Differences below about 5% prove
unrecoverable under every profile tested. Researchers
comparing moving images on shot length cannot assume
the size of their measurement error, nor remove it by
choosing a detector with a better F-score.

Index Terms- average shot length, cinemetrics, film
editing, measurement error, shot boundary detection

I. INTRODUCTION

Cuts are everywhere in film and largely invisible. A
feature contains a thousand or more of them, and
continuity editing exists precisely to make them pass
unnoticed: viewers asked to watch for cuts miss
between a tenth and a half of them, depending on the
type of cut, as reported in [7]. The cut is nonetheless
the unit on which the quantitative study of film style
rests. Counting the cuts in a film and dividing its
running time by the number of resulting segments
gives the average shot length, the oldest and most
widely used measure in the field and one intended to
capture something real about pace. A film averaging
two seconds a shot is doing something different from
one averaging ten.
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Obtaining that number used to be laborious. Someone
had to sit with a film and a stopwatch, or later a
keyboard, marking every cut across two hours of
running time. Because the work was slow it was rare,
and because it was rare, arguments about film style
remained largely arguments. Software then arrived
that could do the marking automatically, in minutes,
on any film supplied to it. The cost of the
measurement collapsed, and the number of studies
using it rose accordingly. A recent tool paper
describes a pipeline that segments films with a neural
detector and reports average shot length from the
result [12]. A dataset published in 2026 distributes
shot boundaries and duration statistics for thirty
Kurosawa films, produced the same way [29]. Neither
is unusual and neither is careless by the standards of
the field. Both report shot-length statistics as
measurements.

The difficulty that concerns this paper lies in what
that software does. It is not looking for cuts. It is
looking for moments when the picture changes
sharply from one frame to the next. Most of the time
a sharp change means a cut, which is why the
approach works at all. But not always. A flash of
lightning changes the picture without any cut having
occurred. So does an explosion, a camera flare, or a
hand passing in front of the lens. Conversely, a cut
between two similar shots (the same framing, the
same light, the back-and-forth of an ordinary
conversation scene) barely changes the picture at all,
and can slip past unnoticed. The machine and the
viewer are not counting the same events.

How often they disagree is not a secret. Computer
scientists have measured it carefully for twenty-five
years and publish the figures, sometimes in the same
documents that distribute the data. What has attracted
far less attention is what those disagreements do to the
numbers published on the other side. That is a simple
question with an arithmetic core. If the software
misses a cut, two shots are counted as one, and the
film appears to have longer shots than it does. If the
software imagines a cut, one shot is counted as two,
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and the film appears to have shorter shots. Average
shot length is running time divided by the number of
shots, so miscounting shots moves it directly.

We expected the misses to dominate, since gradual
transitions such as dissolves are known to be the
hardest cases. We were wrong. Using error rates
published for the material we studied, false cuts
outnumber missed ones, and average shot length
comes out too low, by 15% for the strongest detector
we examined. The material is made to look as though
it cuts faster than it does.

The direction is awkward, because it runs the same
way as a claim the field has been making. Cutting
rates are widely reported to have accelerated over the
last century, and short-form platform video is now
commonly described as cut at only a few seconds a
shot. A tool that manufactures fast cutting is being
used to demonstrate fast cutting. We are not saying
those findings are wrong. The historical acceleration
in particular is far too large to be an artefact. We are
saying that the measurement error points the same
way as the hypothesis, which is the least comfortable
place for it to sit.

A third result proved less expected than either. The
size of the error is not the same for every film. It
depends almost entirely on how much a film uses
dissolves and fades rather than straight cuts, and that
is a stylistic choice, not a technical property. Films
that cut hard and films that dissolve are distorted in
opposite directions by the very feature that
distinguishes them. The error, in other words, is not
noise sitting on top of the thing being measured. It is
entangled with it.

The rest of this paper sets that argument out properly.
Section 2 asks what a shot boundary detector is
actually identifying and why it is not quite a shot.
Section 3 places the problem between two research
literatures that have not spoken to each other, and
borrows a method from a third that has. Sections 4
and 5 give the method and results, and Section 6
works through what follows for claims the field has
already made.

II. WHAT A DETECTOR THINKS A SHOT IS
The argument to this point has been about counting.

It is really about a concept, and the rest of this section
makes that case in the terms film studies uses for such
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questions: what the shot is taken to be, who decides,
and what changes when the deciding is handed to a
machine. Readers who want the measurements can
take Section V on its own.

Cinemetrics rests on a unit it rarely examines. Salt's
founding paper set out to replace what he called a
matter of loose assertion rather than demonstration
with something measurable, and in choosing what to
measure he named two criteria: the variables most
directly under the director's control, and, in his own
qualification, those easiest to quantify [21]. The two
criteria are not the same, and the history of the field
since has largely been the story of the second quietly
constraining the first. Shot length prevailed because it
was tractable.

What counts as tractable has since changed hands. For
most of the field's history, shot boundaries were
determined by a person watching a film and pressing
a key: slow, tiring, inconsistent, but at least an
operation in which the unit being counted is the one
film theory recognises. A human annotator counting
shots is applying a concept. Ease of quantification
now means ease for a detector, which is a different
constraint altogether, and one that no film theory has
had any part in setting.

A detector is not applying that concept. It is applying
a different one that mostly coincides with it. Shot
boundary detection algorithms, in nearly every
formulation from the histogram-difference methods
of the 1990s to the convolutional networks of the last
decade, identify discontinuities in the visual signal.
They measure where the image changes abruptly. The
premise is that images change abruptly when and only
when the camera changes, and the premise is a good
approximation, which is why the technology works at
all. But it is an approximation, and its failures are not
random.

The cases that fall into the gap are instructive. A
dissolve is, for a film scholar, a single articulation
joining two shots. For a detector it is a region tens of
frames long within which no single frame is the
boundary. Placing a point somewhere in that region is
a convention rather than a discovery, and the hand-
logging tradition has its own: Redfern notes that in
cutting-rate work the moment of transition is taken as
the midpoint of a dissolve [20]. The difficulty is not
that conventions are used. It is that the human
convention is stated and the detector's is not, and there
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is no guarantee the two agree. The cases named in the
introduction, lightning and lens flares on one side and
matched shot-reverse-shot on the other, are instances
of the same problem. So is the whip pan used as a
transition, which is genuinely ambiguous in film
practice and about which the detector must
nonetheless decide.

The point is not that detectors are unreliable. It is that
a detector and a film scholar are not counting the same
thing. The detector segments the film into stretches of
visual continuity. The scholar wants it segmented into
shots. These two partitions agree most of the time,
and the published precision and recall figures are,
read properly, a measurement of how often they
disagree. What the computer vision literature reports
as detector error is, from the standpoint of film
studies, the size of a conceptual gap.

Reading the error rates this way changes what one
expects of them. If the mismatch were random noise,
it would be symmetric, and its effect on shot-length
statistics would tend to cancel. It is not random. It is
structured by properties of the footage (motion,
occlusion, lighting instability), and structured error
biases a statistic rather than merely widening its
spread. That is the claim this paper tests, and it holds.

Which way the bias runs is a separate question, and
there our expectation was wrong. We reasoned from
the best-known weakness of these tools: gradual
transitions are the hardest cases, dissolves defeat
detectors that hard cuts do not, so misses should
dominate and shot length should come out too long.
What that reasoning overlooked is that the same
turbulence which hides real transitions also
manufactures apparent ones. Once a detector's
precision is weaker than its recall, the ordinary
situation on difficult material, false boundaries
outnumber missed ones and the bias inverts. The
mechanism we had identified was real. We had
followed only one of its two consequences.

There is a second reason to state the problem in these
terms. Cinemetrics has understood itself, at least since
Tsivian's platform made large-scale comparison
possible, as a shift from interpretation toward
measurement, from arguing about what a film means
to establishing what a film does [4]. The appeal of the
shift is that measurements are supposed to be stable
in a way that interpretations are not. But a
measurement is only as stable as the operation that
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produces it, and when the operation changes, from a
person with a keyboard to a network trained on
YouTube video, the quantity being measured changes
with it, whether or not the name stays the same. Two
average shot lengths for the same film, one hand-
logged and one detected, are not two estimates of one
number. They are measurements of two related but
distinct properties.

Digital humanities has a standing version of this
worry, though it is not the dominant position. Bakels
and colleagues set out three challenges for
computational analysis of audiovisual media, the first
of which is recasting film-analytical vocabulary into
a machine-readable ontology [2]. That is precisely the
operation at issue here, performed silently: the
detector embodies an ontology of the shot, it was
never written down, and film studies has been using
its output as though the translation were transparent.
Chavez Heras makes the stronger methodological
case, following Agre, that computational film
scholarship should proceed as critical technical
practice, in which the construction of the instrument
forms part of the argument rather than a preliminary
to it [3]. This paper is a small exercise in that mode:
we take an instrument the field uses without
examining it and ask what it does to the claims made
with it.

It should be said that the prevailing assessment is
more sanguine. Pustu-Iren and colleagues survey
automated visual analysis for film studies, compare
machine against human performance on several
recognition tasks, and conclude that the results make
a strong case for adopting these methods, noting that
the approaches remain prone to errors of varying
degree [15]. We do not dispute the case for adoption,
since the tools make work possible that would not
otherwise be done. Our argument concerns what that
concession to error implies once the erroneous output
is aggregated into a statistic and compared across
films, which is a question the survey does not take up.

The field has been here before, on a smaller scale, and
handled it well. Cutting and colleagues reported that
shot lengths were shaped by act structure, with peaks
at the quarter, half and three-quarter points of films
[5]. Salt tried to replicate it, and suggested the peaks
were an artefact of the procedure used to normalise
films of different lengths onto a common scale. The
authors reanalysed with three interpolation methods
and a different binning scheme, confirmed that the
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peaks vanished, and stated that there is no support in
the shot lengths for the claim that the complication
and development sections shape them. Other findings
in the original paper survived. The retraction was
partial, and precisely bounded. They closed by
thanking Salt for pointing out the error [8]. That
exchange is a model. It also demonstrates that
measurement artefacts in this field are capable of
producing findings that look like style. The difference
is that the artefact in that case lived in a step the
authors had written themselves and could inspect. The
artefact examined here lives inside a detector most
users did not write and cannot easily inspect, and it is
applied at the very first step, before any analysis
begins.

A final observation about the founding text bears on
all of this. Having settled on shot duration and shot
scale, Salt observed that his analyses could be
extended, and that an obviously important quantity
would be the strength of cut, or as he immediately
corrected himself, the nature of the shot transition
from each shot to the next [21]. He set the problem
aside as difficult and proceeded with what he could
count. Fifty years later the character of the transition
turns out not to be an optional extension of the
measure he adopted but the thing that governs
whether it can be trusted at all, which is what Section
V.D shows.

III. A GAP BETWEEN TWO LITERATURES,
AND A METHOD FROM A THIRD

The problem sits between two bodies of work that
have had little to say to each other.

On one side is the evaluation of shot boundary
detection, which is thorough. TRECVid ran a
dedicated shot boundary task for seven consecutive
years, drawing fifty-seven research groups onto
common data and common scoring [24]. Lienhart's
comparative study, now more than twenty-five years
old, had already established the pattern that has held
since: hard cuts and fades are detected reliably,
dissolves are not, and the false hit rate for dissolves in
the systems then available ranged from 50% to more
than 400% [14]. Hanjalic set the problem out formally
shortly after [10]. A recent review consolidates two
decades of subsequent work and reaches familiar
conclusions about illumination change and camera
motion as the dominant sources of failure [11]. None
of this literature asks what its error rates do to
anything computed downstream, because nothing is
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computed downstream: shot boundaries are a
preprocessing step on the way to retrieval or
summarisation, and the boundaries are the output of
interest.

On the other side is the statistical study of film style,
where the fragility of shot-length measures has been
argued at length, though a different fragility. Redfern
has shown that shot-length distributions are not
adequately modelled by the log-normal, examining
134 Hollywood films and finding the assumption
unsupported in 125 of them [18]. He has argued for
dominance statistics over comparisons of central
tendency [17], and for thinking about shot lengths
distributionally rather than through single summary
values [19]. The concern throughout is with what one
does to a set of shot lengths after obtaining them:
which  estimator, which comparison, which
assumption. The shot lengths themselves are taken as
given.

So the two literatures divide the problem between
them and leave a gap in the middle. Computer vision
knows how often the boundaries are wrong.
Cinemetrics knows how easily shot-length statistics
mislead. To our knowledge neither has examined
what happens when wrong boundaries feed statistics
that mislead easily.

The method for answering it comes from a third place.
Communication research has spent the past decade on
structurally the same problem: a classifier assigns
labels, the labels are aggregated, and the aggregate
becomes a variable in a subsequent analysis.
TeBlunthuis and colleagues show that classifier
misclassification biases downstream regression
estimates, document through systematic review that
the field has largely ignored this, and supply
correction methods [27]. Bachl and Scharkow had
earlier demonstrated matrix back-calculation for the
same purpose in content analysis [1]. Wang and
colleagues formalise the general case of inference on
machine-predicted outcomes [28]. Qiao and Huang
address the specific structure in which individual
predicted labels are aggregated into a group-level
variable [16], which is what average shot length is: a
per-film aggregate over per-boundary predictions.

What we import from this work needs stating
precisely, because it is less than it might appear.
TeBlunthuis and colleagues are concerned with
misclassified variables entering a regression as
independent or dependent variables, and the
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correction methods they compare (regression
calibration, multiple imputation, and the maximum
likelihood adjustment they propose) are estimators for
recovering unbiased regression coefficients. Average
shot length is not a regression coefficient. It is an
aggregate computed over per-boundary predictions,
which is structurally closer to the case Qiao and
Huang treat.

We therefore borrow two elements and not a third.
The first is the diagnosis: that classifier error
propagates into downstream estimates, that it does so
systematically rather than as noise, and that a field can
adopt classifiers enthusiastically while ignoring this
for years, which TeBlunthuis and colleagues establish
for communication research through a systematic
review of forty-eight empirical studies. The second is
the design of the demonstration: Monte Carlo
simulation over known error rates, which is how all
of this work proceeds. What we do not borrow is the
correction machinery itself, for a reason given in
Section VII.

IV. DATA AND METHOD

A. Corpus

We use the test split of ClipShots [26], a shot
boundary dataset assembled from YouTube and
Weibo and annotated for both abrupt and gradual
transitions. ClipShots was chosen for three reasons.
Its annotations are distributed openly and separately
from the video, so the analysis requires a few
megabytes rather than a few hundred gigabytes. Its
transition annotations record the frame span of each
transition, which allows abrupt and gradual
transitions to be distinguished directly from the data
rather than assumed. And detector performance
figures for this exact corpus are published alongside
it, so the error rates we inject were measured on the
material we inject them into.

Each record gives a list of transitions as start and end
frame pairs, together with the video's frame count. We
treat a transition whose span is one frame or less as an
abrupt cut and anything longer as gradual, place the
boundary at the midpoint of the span, and derive shot
durations as the intervals between consecutive
boundaries. Durations are in frames, since the dataset
supplies no frame rate. This does not affect the
results, which are reported as proportional bias and
are therefore invariant to frame rate.
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The test split comprises 500 videos with 5,876 cut
transitions and 2,422 gradual transitions, a gradual
share of 29.2% [26]. Every video was double
annotated for quality assurance, which is more than
most benchmarks of this kind offer.

Average shot length is not meaningful for a video
with a handful of shots, so we restrict to videos with
at least thirty. This leaves 92 videos and 5,138 shots,
of which 3,738 are followed by an abrupt cut and
1,308 by a gradual transition. The remaining 92 are
each video's final shot, which is followed by no
transition. The gradual share is 25.9%. Relaxing the
threshold to ten shots yields 194 videos and 6,914
shots at 29.8% gradual, close to the figure for the split
as a whole. Results are stable across both thresholds.

One split of ClipShots must be avoided. According to
the repository documentation, though the point is not
made in the paper, the ‘only gradual® set annotates
gradual transitions alone, as a supplement
compensating for their scarcity in the training data,
and its abrupt cuts are unlabelled. Shot lists derived
from it are not shot lists, and any statistic computed
from them is meaningless. We mention it because the
file is distributed alongside the others and its name
does not obviously warn against the use.

B. Error profiles

The ClipShots documentation reports precision and
recall for three detectors, separately for cut and
gradual transitions. Those figures use the standard
TRECVid matching criterion: a predicted boundary
counts as a hit if it overlaps the ground-truth transition
by at least one frame [26]. Given one-to-one matching
under that criterion, recall is the proportion of true
transitions found and precision the proportion of
predictions that are real, so we convert directly: miss
rate is one minus recall, and the ratio of false positives
to true positives is (1 — precision) / precision.

Table 1. Published precision and recall for three
detectors on the ClipShots test split [26], with the
miss and false-positive rates derived from them. DSM
is deep structured models, and the two deepSBD
variants are named by backbone.

Measure DSM ResNet- | AlexNet
18
Cut 176 765 731
precision
Cut recall 934 910 921
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Gradual .840 770 .837
precision

Gradual 904 .622 386
recall

Cut miss 0.066 0.090 0.079
rate

Gradual 0.096 0.378 0.614
miss rate

Cut FP ratio 0.289 0.307 0.368
Gradual FP 0.190 0.299 0.195
ratio

The three span a wide range, particularly on gradual
transitions, where the weakest detector misses nearly
two in three. This spread is not a defect of the
selection. It reflects the actual state of the tools a
researcher might plausibly have used at different
points in the last decade, and the point of the exercise
is to see what that variation does.

C. Simulation

For each video and each error profile we generate an
observed shot list from the true one. At every true
boundary, a miss is drawn with the probability
appropriate to that boundary's actual transition type,
and a missed boundary merges the adjacent shots.
Misses are allowed to chain: if the boundary
following a merged shot is also missed, the shots
merge again. False positives are drawn at the
corresponding rate and split a shot at a uniformly
random interior point.

One decision here is not forced by the data and should
be flagged before the results rather than after them. A
false-positive rate is published per true boundary, but
merged shots absorb several true boundaries, and how
many split opportunities such a shot receives is a
modelling choice rather than a measurement. We
draw one opportunity per true shot absorbed, which
keeps the rate defined per true boundary as published.
The alternative, one draw per observed shot, is also
defensible, and Section V.B reports both, because the
choice turns out to matter for one of the three
detectors. We run one thousand iterations per video
per profile and compare the mean observed statistic
against the true one.

One error source is deliberately absent from the
model, and its absence runs in a known direction. The
matching criterion described above counts a
prediction as correct on a single frame of overlap, so
a boundary detected twenty frames from its true
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position scores as a hit while displacing twenty
frames of duration from one shot to its neighbour.
Published precision and recall are blind to this. The
ClipShots authors evidently recognised as much,
since they add a separate intersection-over-union
criterion to assess localisation. Our simulation places
every detected boundary correctly and models only
misses and false positives. Localisation error would
add further distortion on top of what we report. The
figures below should therefore be read as a floor
rather than an estimate.

Three statistics are computed: average shot length,
median shot length, and the coefficient of variation.
The first two are what the literature reports. The third
is included because Redfern's work suggests
dispersion carries information that central tendency
does not.

For the second question, how large a difference
between two videos must be before it survives the
error, we take the longest video in the corpus,
construct a synthetic comparison video by scaling its
shot durations by a fixed ratio, apply error to both, and
record how often the comparison recovers the correct
ordering.

The analysis code is a single Python file with no
dependencies beyond the standard library.

V.RESULTS

A. Shot length is deflated, dispersion inflated

Table 2 gives proportional bias in each statistic under
each error profile, averaged across videos. Figures are
from one thousand iterations per video per profile
under the false-positive model described in Section
IV.C.

Table 2. Distribution across the 92 videos of
proportional bias in average shot length (%), by
detector profile. The 95% range is the 2.5th to
97.5th percentile of per-video bias.

Detector Mean | Median SD 95%
range
DSM -154 | -16.9 32 -18.1
to —8.3
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deepSBD -10.6 | —-14.9 8.7 —-18.0
(ResNet- to +8.9
18)

deepSBD -2.6 -17.0 29.0 | 224
(AlexNet- to
like) +69.7

All three profiles deflate average shot length, but the
summary statistic one chooses matters considerably.
For DSM the distribution is tight: a standard deviation
of 3.2 percentage points and a 95% range that never
crosses zero, so every video in the corpus is deflated.
For the AlexNet-based profile the mean of —2.6% is
close to meaningless. Its standard deviation is 29
percentage points and its median bias is —17.0%, so
the typical video is deflated about as badly as under
DSM, and the mean is dragged toward zero by a small
number of dissolve-saturated videos that inflate
instead. Section V.D identifies exactly which videos
those are. Where the two disagree we regard the
median as the better description, and readers should
treat the mean bias of a weak detector with suspicion.

To see what an error of this size means in practice,
consider an effect this field has actually published.
Cutting and colleagues reported that shot lengths
were scalloped within film acts, with a peak-to-trough
magnitude of about 1.1 seconds against a mean shot
length of 7.7 seconds, about 14%, and an effect later
withdrawn as an artefact of their own normalisation
procedure [8]. The deflation we document is of that
order. Effects of this size are published in this field,
are taken seriously, and have at least once turned out
to be method rather than style. The ordering is itself
notable: bias is largest for DSM, the strongest of the
three detectors, and smallest for the weakest. We
return to why in Section VI, since the explanation
matters more than the arithmetic.

The mechanism is simple arithmetic, and Figure 1
sets it out. Misses merge shots and push the statistic
up. False positives split shots and push it down.
Whichever is more frequent wins.

True | | | | | | n=5 ASL=2.00
vo shots become one — ASL rise

Missed boundary | V % | | n=4 ASL=2.50
o becomes two — ASL

False boundary | | NN | | n=6 ASL=1.67
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Figure 1. How detection error changes the shot count.
A missed boundary merges two shots into one,
reducing the count and raising average shot length,
while a false boundary splits one shot into two,
raising the count and lowering it. Shaded regions
mark the affected shots.

On this corpus false positives are more frequent for
every detector examined, because precision is the
weaker of the two measures across the board. DSM
achieves recall above 0.90 on both transition types but
precision below 0.85. The result is a systematic
underestimate of shot length, which is to say a
systematic overestimate of cutting speed.

Median shot length is deflated more than the mean in
every case. This is what one would expect once the
mechanism is clear: splitting a shot produces two
shorter shots and moves mass toward the lower end
of the distribution, where the median sits, while the
mean is partially defended by the long shots that
survive intact. Studies that follow Redfern's
recommendation and report the median rather than
the mean are, on this evidence, using the more
affected statistic rather than the less.

The coefficient of variation rises under every profile,
by between 18% and 24%. Detection error adds
dispersion regardless of what it does to the centre,
since both merging and splitting manufacture
durations the film does not contain. Work using
dispersion as a stylistic signal should expect it to be
inflated.

B. Misses chain, and the estimate is sensitive to how
splits are counted

A first-order calculation of the balance between
merges and splits, each error rate multiplied by the
count of transitions of its type, gives the following per
hundred true boundaries:

Table 3. First-order balance of merges and splits
per hundred true boundaries.

Detector Merges Splits Net
per 100 | per 100

DSM 7.4 26.3 —-19.0

deepSBD 16.5 30.5 —14.0

(ResNet-18)

deepSBD 21.8 323 —-10.5

(AlexNet-

like)

3978



© JUN 2026 | IRE Journals | Volume 9 Issue 12 | ISSN: 2456-8880
DOI: https://doi.org/10.64388/IREV9112-1722842

The ordering matches the simulation, but the
magnitudes do not, and the discrepancy widens as the
miss rate rises. The reason is that misses do not act
independently. When a boundary is missed, the next
boundary may also be missed, and the observed shot
then absorbs three original shots rather than two. If p
is the probability of missing a boundary, the number
of true shots absorbed into one observed shot follows
a geometric distribution with mean 1/(1 — p). For
DSM, with an effective miss rate of 0.074 across the
corpus's mix of transition types, that mean is 1.08, so
chains are rare. For the AlexNet-based detector,
which misses 61.4% of gradual transitions, the
effective rate is 0.218 and the mean run reaches 1.28,
with a long tail of much longer runs.

This chaining has a consequence for the simulation
that we did not anticipate and that bears on how much
confidence the results deserve. A false-positive rate is
reported per true boundary, but once shots have
merged, it is not obvious how many split
opportunities a merged shot should receive. Two
defensible answers exist. One draw per observed shot
treats the detector as making a bounded number of
errors per segment it emits. Draws proportional to the
number of true shots absorbed treats the false-positive
rate as a property of the underlying footage. We
implemented both.

Table 4. Bias in average shot length under the two
false-positive counting models.

Detector One draw Draws per

per true shot
observed absorbed

shot

DSM —14.0% —15.4%

deepSBD —5.4% —10.6%

(ResNet-18)

deepSBD +8.1% —2.6%

(AlexNet-like)

For the two stronger detectors the models agree on
sign and roughly on magnitude. For the weakest they
disagree on sign. This is exactly what the chaining
analysis predicts: the two counting models differ only
inside merged runs, so they converge when runs are
short and separate when runs are long.

We report the second model throughout, on the
grounds that a rate measured per true boundary should
be applied per true boundary. The deflation result is
therefore robust for the stronger of the detectors
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benchmarked here, and is not robust for a detector
missing most of its gradual transitions. Anyone
extending this approach should report both counting
models rather than settle on one silently: we found
that choosing a single model without checking the
alternative produced a conclusion the alternative did
not support.

C. Small differences are not recoverable

Figure 2 plots how often a comparison between two
videos recovers the correct ordering, as a function of
the true difference between them, under each error
profile.

100 1

90

80 -
—&— DSM

-# deepSBD (ResNet-18)

70 4 -4 deepSBD (AlexNet-like)

60

all thr
for difference
50 1

Runs recovering the correct ordering (%)

0.0 2.5 5.0 7.5 10.0 125 15.0 17.5 20.0
True difference in average shot length (%)

Figure 2. Proportion of simulated comparisons
recovering the correct ordering of two videos, as a
function of the true difference in average shot length
between them. All three error profiles cross the 95%
threshold between 5% and 7%.

The three profiles behave almost identically here,
which is worth noting in itself: the recoverability of a
comparison is far less sensitive to detector quality
than the bias in the underlying statistic is. Under the
DSM profile, with 1,000 simulated comparisons at
each ratio, a true difference of 1% is recovered 61.2%
of the time (95% CI 58.2 to 64.2), barely better than
a coin. At 3% this rises to 79.5% (77.0 to 82.0) and at
5% to0 91.6% (89.9 to 93.3), still short of conventional
confidence. At 7% the estimate is 95.5% (94.2 to
96.8), which straddles the 95% mark rather than
clearing it, so the crossing point is somewhere in the
5% to 7% band and our data do not locate it more
precisely than that. By 10% recovery is 99.7% (99.4
to 100.0).

We suggest this threshold, rather than the bias itself,
is the figure worth carrying into practice. Bias can be
argued about. A value below which a comparison is
uninformative is directly actionable. Under the
conditions tested here, two items whose true average
shot lengths differ by less than about 5% were not
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reliably  distinguished on that basis from
automatically detected boundaries. This figure is a
simulation-specific lower bound on recoverable
difference rather than a general threshold: the
comparison film is constructed by scaling a single real
one, so the pair share an identical gradual share and
distributional shape, which Section V.D shows is the
most favourable case. Section VII sets out why a real
comparison would require more. Between 5% and 7%
the comparison became defensible but should be
presented with the measurement error acknowledged
rather than as a clean result.

D. The error is confounded with style

The account in Section II predicts something the
results so far have not tested. If the divergence
between visual discontinuity and shot change is
structured by properties of the footage rather than
distributed at random, then bias should not be a single
number attaching to a corpus. It should vary from
video to video, and vary with whatever property
drives the divergence. Gradual transitions are missed
between three and six times more often than abrupt
ones across the three detectors, so the most obvious
candidate is the proportion of a film's transitions that
are gradual.

That proportion is not a technical property. It is a
stylistic one, a matter of how a film articulates its
joins, which varies by period, genre, national tradition
and individual practice, and which film scholarship
has always treated as meaningful.

We computed each video's gradual share from its
annotations and its mean simulated bias under each
error profile. The relationship is almost perfectly
monotonic: Spearman's rho is +0.98 for DSM, +0.99
for deepSBD/ResNet-18, and +1.00 for the AlexNet-
based detector. Figure 3 plots every video, and Table
5 gives mean bias by quartile of gradual share.
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Figure 3. Simulated bias in average shot length for
each of 92 videos, plotted against the proportion of
that video's transitions that are gradual. Three
published error profiles. The shaded band marks the
range of gradual shares plausible for narrative
feature film. The points to its right are included for
completeness but represent material far outside
normal practice.

Table 5. Bias in average shot length by quartile of
gradual share, with mean gradual share for each
quartile in parentheses.

Detector Q1 Q2 Q3 Q4
(0.01) | (0.08) | (0.26) | (0.81)

DSM -18.0 | —-174 | —15.8 -10.5

% % % %

deepSBD | —17.4 | —-16.0 -119 | +3.2%

(ResNet- % % %

18)

deepSBD | —21.7 | —19.4 | -10.3 +41.1

(AlexNet % % % %

-like)

Two points should be made about this table before
anything is concluded from it. The fourth quartile is
extreme material: a gradual share of 0.81 means four
transitions in five are dissolves or fades, which is not
a proportion one meets in narrative feature film, and
the +41.1% figure should be read as a demonstration
of the mechanism rather than an estimate of anything.
The comparison to take seriously is between the first
and third quartiles, which span gradual shares of 1%
and 26% and do describe a plausible range for real
films. Across that range the bias differs by 2.2
percentage points for DSM, 5.5 for deepSBD/ResNet-
18 and 11.4 for the AlexNet-based detector.

Even at the low end that is a difference of the same
order as the stylistic effects cinemetrics reports as
findings. And the direction is consistent: the more a
film uses gradual transitions, the less its shot length is
deflated, because missed dissolves merge shots and
push the measured length back up.

The consequence is not simply that measurement is
noisy. It is that the noise is correlated with the variable
of interest. Two films that differ in editing style are
measured with different bias, in a direction
determined by that very difference in style. A hard-
cut film and a dissolve-heavy film are not two
imperfect measurements of the same quantity with a
common error; they are measurements distorted in
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opposite directions by the property that distinguishes
them. Any comparison between them on shot length
therefore includes a contribution from the
measurement apparatus that is confounded with the
comparison being made.

VI. DISCUSSION

The results bear on a particular kind of claim.
Quantitative film studies has a long interest in
historical trends in cutting rate: Salt's account of an
increasingly restricted stylistic norm [22], Cutting
and colleagues' finding of shortening shots across
seventy-five years of Hollywood [6], Salt's later
argument that the acceleration has stopped [23]. More
recently the same framework has been turned on
short-form platform video, where average shot
lengths are reported to be very short indeed.

Those claims are the ones most exposed here, for two
reasons that compound. Fast-cut material has more
boundaries per minute, so more opportunities for
error. And short-form video is precisely the content
on which generic detectors were found wanting badly
enough that specialised models were built for it [30].
Our results indicate that a modern detector applied to
such material returns an average shot length that is too
low, the same direction as the claim being tested. A
finding of rapid cutting, obtained with a tool that
manufactures rapid cutting, requires more support
than the number alone.

We want to be careful about how far this goes. We
have not shown that any particular published finding
is wrong. The historical trend Cutting and colleagues
describe is large, consistent across a substantial
corpus [6], and far above the recoverability threshold
we identify. Nothing here threatens it. What is
threatened is the fine-grained comparison, one
director against another, one period against an
adjacent one, one platform against another, where the
differences at stake are of the same order as the
measurement error.

The confounding result in Section V.D sharpens this
considerably, and points at the field's most prominent
finding. Optical transitions have not been used at a
constant rate across film history, and, importantly for
what follows, the pattern is not a simple decline.
Cutting and colleagues tracked dissolves across 150
Hollywood films released between 1935 and 2005.
Fades and wipes became increasingly rare over that

IRE 1722842

period, a finding they report again in later work on
narrative discontinuity [9], and dissolves diminished
too, but after a lull between 1970 and 1990 they
became more numerous again, without approaching
studio-era levels [7]. Earlier evidence indicates how
gradual-heavy the studio era was: in Carey's sample
of 1930s films, dissolves and fades together
accounted for 90% of scene transitions, wipes for 9%,
and the straight cut for 1% [3], cited in [7].

Set that trajectory against Figure 3. If measured shot
length is biased as a function of gradual share, and
gradual share across film history is high, then low,
then partially recovered, the bias attaching to a
decade's films is not constant and not monotonic
either. It follows the same U-shape. A study plotting
average shot length by decade would therefore carry
a decade-varying error term with a minimum
somewhere around the 1970s and 1980s.

The concern this raises is not simply that a trend is
exaggerated. It is that a non-monotonic bias imposed
on a monotonic trend can manufacture curvature, or
flatten curvature that is really there. Claims about
when cutting accelerated, whether the acceleration
was steady or punctuated, and whether it has recently
stopped are claims about the shape of a curve, and the
shape is what a time-varying bias distorts most
readily. We cannot quantify this: our corpus is not
feature film, and establishing the effect would require
per-decade gradual shares matched against per-
decade shot-length measurements from the same
films. We can say that the ingredients for the problem
are all documented, and that we have found no study
combining them.

A related caution applies to genre. Cutting and
colleagues' corpus spans action, adventure, comedy,
drama and animation, and dissolve usage is not
uniform across them. Genre comparisons on shot
length therefore inherit the same confound as
historical ones.

The confound also operates inside a single film,
which Section V.D was not designed to detect. Non-
cut transitions are not spread evenly across a running
time. Cutting and colleagues report that dissolves,
fades and wipes cluster at the openings of films, in the
development section and in epilogues, and are rare
during the first part of the climax. Montage
sequences, which they define as three or more

consecutive  dissolves, are concentrated in
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development and setup and are uncommon in the
climax [8]. If bias tracks gradual share, and gradual
share varies by act, then the bias is not stationary
across a film. It will be heaviest in exactly those
passages (openings, montage sequences, transitional
development material) where a scholar might be most
interested in comparing pacing against the rest of the
film. Establishing the size of that within-film
variation is beyond what our corpus can support, and
we flag it as the most obvious extension of this work.

One further claim of theirs we tested and could not
confirm. Cutting and colleagues find that shots
flanking a dissolve are long relative to a film's
median, which they read as visual preparation for a
scene change followed by re-acceleration [7]. Were
that true of our corpus, missed gradual transitions
would merge already-long shots and inflate average
shot length more than our uniform model allows. In
ClipShots the median shot flanking a gradual
transition is 1.02 times the film median against 1.00
for shots flanking cuts, effectively no difference,
although the means diverge more sharply, at 2.03
against 1.49, indicating a heavier upper tail rather
than a shift in the typical case. We take this as a
reminder that ClipShots is web video and not
Hollywood film, and we do not import the finding.
The conceptual argument of Section II can now be
restated, since the empirical result gives it force. If
detectors merely made mistakes, the appropriate
response would be to build better detectors and wait.
But the deflation observed here is not a defect that
better engineering removes, and Table 2 makes the
point more sharply than we expected. The largest bias
belongs to DSM, the best of the three detectors by
every published F-score. The smallest belongs to the
AlexNet-based detector, the worst. In these
simulations the detector with the strongest published
F-score produced the largest mean bias, and the
qualification matters. Measured by the mean, the
ordering runs backwards: DSM at —15.4%, the
ResNet-18 profile at —10.6%, the AlexNet profile at
only —2.6%. Measured by the median it does not run
backwards at all. The typical video is deflated by
16.9% under DSM and by 17.0% under AlexNet,
which is to say equally.

The discrepancy is the finding. The AlexNet profile
misses 61.4% of gradual transitions, and on a handful
of  dissolve-saturated videos that merging
overwhelms its false positives and inflates the statistic
sharply, by as much as 70%. Those few videos drag
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the mean toward zero while leaving the median
untouched. The weak detector's apparent advantage is
therefore not a cancellation of errors within each
video but an artefact of averaging across a corpus
whose bias distribution is extremely skewed. Its
standard deviation of 29 percentage points against
DSM's 3.2 says the same thing.

This carries a practical consequence. Detector quality
as conventionally summarised by F-score is therefore
not sufficient to predict downstream bias in average
shot length, and selecting on F-score alone offers no
guarantee of a smaller one. What determines the bias
is the ratio of false positives to misses on the
particular material, which is not what detector
benchmarks are designed to report.

This is why the framing in Section II matters
practically and not only philosophically. A field that
understands its instrument as an imperfect shot-
counter will treat these results as a call for better tools.
A field that understands the instrument as a
discontinuity-counter used in place of a shot-counter
will recognise that some quantity of bias is structural,
and will ask instead what claims can survive it. The
second response seems to us the correct one, and it is
the one that leads to the recoverability threshold in
Section V.C rather than to a recommendation that
everyone wait for a better model.

A further point concerns reporting. Almost none of
the information needed to assess these effects appears
in published cinemetric work. Which detector was
used is sometimes stated; the threshold or operating
point almost never is; validation against any ground
truth is rare. Since the size of the bias depends on
precisely those details, and not in the direction one
would guess, their omission is not a minor gap in
reporting practice. A minimal standard would be to
name the detector and its settings, and to state whether
any validation was performed. That costs an author
two sentences.

Finally, an absence we could not resolve. We
searched for a publicly available, hand-annotated shot
boundary benchmark for feature film and did not
locate one, though we should be clear that this was a
targeted search rather than a systematic review and
we may have missed something. One recent paper
reports a 100-minute public test set drawn from ten
films [13] but does not appear to distribute it. Of the
large movie datasets we examined, none could be
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confirmed as carrying human-annotated shot
boundaries rather than detector output. If no such
benchmark exists, then cinemetrics applies these tools
overwhelmingly to the one category of moving image
against which they cannot be checked, and the field
could close that gap cheaply. If one does exist, we
would be glad to be corrected.

VII. LIMITATIONS

The study is a simulation, and its limitations follow
from that.

The most consequential is the one described in
Section IV.C and Section V.B. How false positives
are counted within a merged run is a modelling
decision, and for the weakest of the three detectors the
two defensible choices give opposite signs. We have
reported both rather than selecting one, and we would
put no weight on the AlexNet-based figures in
isolation. The results for the two stronger detectors
are stable across the choice, and it is those we would
defend. A reader who prefers the other counting
model should read Table 4 rather than Table 2 and
will reach the same qualitative conclusion about
modern detectors.

The error rates are borrowed rather than measured.
They were measured on this corpus, which is the
strongest form of borrowing available, but they were
measured by the detectors' authors and no
independent validation was performed here. Running
even one detector against the ground truth ourselves
would materially strengthen the study, and we regard
that as the obvious next step rather than as an
argument against the present one.

The corpus is web and short-form video, not feature
film. ClipShots is deliberately difficult material
(hand-held, occluded, heterogeneous), and detector
performance on it is correspondingly worse than on
studio production. The magnitudes reported here
should not be transferred to feature film. The
underlying arithmetic is general, though its empirical
magnitude and direction depend on the detector's
error profile and on the characteristics of the material.

We treat the ClipShots annotations as ground truth.
They are human annotations and will contain errors
of their own, and Song and colleagues have shown
that an imperfect gold standard biases the
performance figures computed against it [25]. The
annotations were produced with double coding for
quality assurance, which is better practice than many
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comparable resources, but no agreement statistic is
reported and we cannot quantify the residual
uncertainty. It is not reflected in our figures.

The recoverability threshold in Section V.C rests on a
narrow base. We take a single video and construct its
comparison by scaling every shot duration by a fixed
ratio, so the two items being compared share an
identical gradual share and an identical distributional
shape. That is the most favourable case for recovery,
since Section V.D shows bias tracks gradual share:
two real films differing in shot length would usually
differ in transition style too, and would therefore
carry different bias. The 5% figure should be read as
a lower bound on what is required, not as a threshold
that suffices.

We model misses and false positives but not
localisation error, for the reason given in Section
IV.C. Since displaced boundaries redistribute
duration between adjacent shots while counting as
correct detections under the standard matching
criterion, this omission means our results understate
the total distortion rather than overstating it.

Finally, we do not correct the bias we describe, and
the reason is worth stating because it connects to
Section VI. Every correction method in this literature
(regression calibration, multiple imputation, the
maximum likelihood adjustment of TeBlunthuis and
colleagues) requires gold standard validation data: a
subset of cases where both the classifier's output and
the true human-coded value are known. The
corrections are only as good as that validation set.
For cinemetrics on feature film, no such validation set
exists publicly. That is the same absence noted in
Section VI, arriving from the other direction. The
field cannot correct for detection error in the material
it principally studies, because it has never assembled
the ground truth that a correction would have to be
calibrated against. Establishing the size and direction
of the bias is therefore not merely a first step we
happened to take. It is as far as anyone can currently
go. Building the benchmark is the precondition for
everything else.

VII. CONCLUSION

Automatic shot detection made quantitative film
studies cheap, and the field has taken up the tools with
more enthusiasm than scrutiny. The error rates of
those tools are not secret. They are published,
sometimes in the same documents that distribute the
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data, and they are large enough to move the statistics
reported by margins comparable to the stylistic
differences being claimed.

Under simulations calibrated to published ClipShots
performance, the two stronger detector profiles
produce a downward bias of 10% to 15% in average
shot length, and more in median shot length. The
material is made to look as though it cuts faster than
it does. That this runs in the same direction as the
field's most prominent recent claims about
accelerating cutting rates is not evidence that those
claims are wrong, but it does mean they cannot be
supported by detector output alone.

The sharpest form of the problem is that this error is
not independent of what the field wants to know. Bias
tracks a film's use of gradual transitions almost
perfectly, and the use of gradual transitions is a
stylistic choice. The instrument distorts films in
proportion to a property that film scholarship has
always regarded as significant, which means the
distortion cannot be treated as background noise to be
averaged away across a large corpus. It travels with
the signal.

Underneath the arithmetic is a substitution the field
has made without much discussion. The shot was a
concept applied by a person. It is now a discontinuity
registered by an instrument. The substitution was
reasonable, it was necessary if the work was to be
done at scale, and most of the time the two coincide.
But they diverge in ways that are systematic rather
than random, and a statistic computed across
thousands of boundaries accumulates systematic
divergence rather than averaging it away. What
cinemetrics now measures is not quite what it says it
measures, and the gap has a direction.

The modest practical recommendation is that authors
state which detector they used and at what settings,
and treat differences in average shot length below
about 5% as uninformative unless they have validated
their boundaries. The less modest one is that the field
acquire a hand-annotated feature film benchmark, so
that the question of how far these tools can be trusted
on the material they are mostly used for can be
answered  rather  than  assumed.  Neither
recommendation requires anyone to stop counting
shots. They require only that the field say what it is
counting.
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Data and code availability

The ClipShots annotations are distributed by their
authors at https://github.com/Tangshitao/ClipShots
under an MIT licence covering the repository
contents. We used only the annotation files, and no
video was downloaded or redistributed. The
underlying videos are third-party material sourced
from YouTube and Weibo, and no licence covering
them is stated by the dataset authors.

Analysis code is a single Python file ("propagate.py")
using only the Python standard library, so it runs
without installing anything. Figure generation
(“figures.py’) additionally requires matplotlib. Both
are available from the corresponding author on
request.
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