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Video Folding: Increased Framerate for
Semi-Repetitive Sequences

Chris May, Manuel M. Oliveira, and Daniel Aliaga

Abstract We introduce a technique to synthetically increase the framerate of semi-repetitive videos (i.e., videos of motion that

repeats but not in an identical fashion) to aid in visualization. By reordering and combining frames from all repetitions, we produce a
single non-repetitive sequence with much higher temporal resolution. Then, we use a novel frame warping technique based on a dense
corrective ow to counteract differences between repetitions. The resulting video maintains smoothness of motion and additionally
allows for seamless, in nite looping. We demonstrate the effectiveness of the proposed solution both quantitatively, by measuring the
improvement over existing methods, and qualitatively, by performing a user evaluation and providing several examples in the paper and

accompanying video.

Index Terms Computer graphics, picture/image generation, image-based rendering, image processing and computer vision, image

processing software, time-varying imagery
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1 INTRODUCTION

ENERATING slow-motion video from existing footage
G is a powerful tool for content analysis, entertainment,
simulation, and games. For example, slowing down footage
of sporting events can help professionals analyze the motion
and make adjustments to athletes’ training. However, videos
are recorded at xed framerates, so simply reducing the
playback speed results in choppy motion due to individual
frames being displayed for longer periods of time. Addi-
tional work must be done to smoothly Il in the temporal
gaps between the original frames. In addition, for video re-
timing (e.g., framerate conversion), it might be necessary to
re-sample the motion at a different speed.

Many previous works use frame interpolation to gen-
erate new in-between frames for an existing video. These
methods may use optical ow [1], deep learning [2], or
phase-based interpolation [3] to create the novel frames.
However, in general these approaches do not work well
with large motion in-between adjacent captured frames, and
in some cases the adjacent frames may not even capture
the underlying motion that occurred. Recording using faster
framerate cameras is also a possibility, but may not always
be feasible (e.g., cost or storage limitations). It also does not
address processing existing videos, and even with faster
framerates a further slow-down might be desired. Hence,
prior works are not well suited to handle large motion in-
between frames and to maintaining the motion dynamics
with such large in-between frame motion.

Our key observation is that if the motion is at least
semi-repetitive (i.e., the motion generally repeats but not
in an identical fashion), information that is lost between
consecutive frames may be recovered in later repetitions of
the same motion. We exploit this fact by reordering the input
frames so that similar frames from different repetitions

are placed near each other. In this way, many repetitions
from the input video are interleaved, or folded, into a non-
repeating coherent sequence in the output video. As op-
posed to frame interpolation, this methodology does not

depend on creating many novel in-between frames. Instead,
we use existing re-ordered frames to create an apparently
slowed-down version of the original video.

Our video folding(VF) approach consists of three main
stages. First, during frame reordering, a video sequence is
produced having one repetition of the motion but using
all recorded frames. Since the fundamental motion is not ex-
actly repetitive, our one repetition corresponds to a slowed-
down playback of an averaged motion cycle, constructed
based on all the provided repetitions. In Figure 1, frames
from an input video are reordered into a single repetition ,
in which similar frames are placed near each other (left).
Second, because each repetition is slightly different, correc-
tive ows are computed to bring all frames into a smooth
and coherent sequence. The insets in Figure 1 show how
the hand and foot are at slightly different positions in each
frame, and the corrective ow images (middle) show the
(color-coded) directions these features must move for them
to stay in the same place. Third, each frame is warpedalong
its corrective ow to produce the nal video. Afterwards, a
temporal smoothing operation is performed as well. Figure
1 shows the frames after warping (right), where the hand
and foot (as well as other features) are now in roughly the
same position in each frame. Altogether, we have applied
our approach to real-world and synthetic videos of moving
humans, animals, and devices. Our method is not limited
to a frame rate range but instead depends on the motion
speed per frame and number of repetitions. Nevertheless,
we show empirical examples using frame rates of 2 to 120
frames-per-second. We show results, user evaluations, and
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Our main contributions include:

A method to create slowed-down versions of semi-
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Fig. 1. Video folding for increasing the framerate of semi-repetitive videos. Top: frames from an input video sequence. The position of the hand
and foot are shown throughout three repetitions in the video. Left: frames after reordering into a single repetition. Despite the generally-repetitive
motion, in the insets it can be seen how the positions of the hand and foot still vary between consecutive reordered frames. This creates a distracting
jitter effect during playback. Middle: corrective ow images computed for each of the reordered frames. The colors indicate the directions in which
features must be warped to produce smooth motion, according to the legend at the bottom. Right: the same reordered frames after warping along
the corrective ows. The insets show that the hand and foot are now in roughly the same position, indicating that the motion is now smooth.

repetitive motion videos (Section 3), which llIs in
missing details between frames via frame reordering,
and for which we show up to 120x slowdown;

A corrective ow formulation (Section 3.2), based on
optical ow, which allows us to smoothly combine
frames from non-adjacent repetitions into a single
coherent sequence; and

An image warping algorithm (Section 3.3), which
allows us to produce the nal video sequence using
our corrective ow.

2 RELATED WORK
2.1 Frame interpolation

Slowing down videos typically involves some form of
frame interpolation, wherein new frames are created in-
between consecutive existing frames in the original video.
Most classical frame interpolation methods rely on dense
pixel correspondences between neighboring frames such
as optical ow [4], [5]. Some early work in optical ow
includes a global variational model introduced by Horn
and Schunck [6], as well as a local formulation by Lucas
and Kanade [7]. Many other methods have been based
on these, some of which use feature matching to detect
large motion [8], [9]. However, most optical ow algorithms
cannot correctly handle large displacements or changes in
lighting conditions, which in turn produce artifacts in the
interpolated frames. Our method uses optical ow as part
of its pipeline, but most large displacements between frames
are removed by reordering (Section 3.1), provided the semi-
repetitive motion in the input video is well sampled. There
are other frame interpolation methods that do not rely on
optical ow. Meyer et al.[3] use a phase-based method that
is computationally ef cient, but is also limited in the range
of motion that can be handled. Recently, deep learning has

been successfully applied to both frame interpolation [2],
[10], [11], [12], [23], [14] and optical ow estimation [2],
[12], [15], [16], [17], [18]. However, these methods still rely
on creating novel intermediate frames using estimated mo-
tion, and suffer from artifacts when the amount of motion
between frames is large. Also, given that these methods
employ deep neural networks, they require large datasets
for training and validation, and may not generalize well to
unseen data.

2.2 Image warping

In the third phase of our pipeline (Section 3.3), frames
must be forward-warped in order to smooth the output
motion. Shade et al. [19] describe Layered Depth Images,
for which splat-based warping is effective due to the back-
to-front ordering guaranteed by epipolar geometry [20].
Mark et al.[21] perform view interpolation by triangulating
several pre-rendered images, and warping the resulting
meshes to a new viewpoint, resolving order and occlu-
sions with per-pixel depth information. However, neither
of these methods are appropriate for our pipeline because
the frames we process do not have any camera information,
nor do they have per-pixel depth. Baker et al.[4] describe
a warping algorithm that involves splatting ow vectors
onto an intermediate image, which Herbst et al.[1] extend
to use bidirectional ows to better handle occlusions and
ordering. As both of these warping methods are speci c to
frame interpolation, they require two temporally neighbor-
ing frames in order to resolve occlusions. In contrast, our
pipeline does not produce any in-between images; warping
is used to alter individual frames, not create novel frames
at intermediate timestamps. We describe a triangulation-
based forward warping algorithm. Our method addresses
the aforementioned problems using video segmentation as
a proxy for per-pixel depth, and inpainting to Il in gaps in
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Fig. 2. Our video folding pipeline. The input video is rst reordered into a
single coherent non-repeating sequence. Corrective ows are computed
for each frame, using neighboring frames in the reordered sequence.
All frames are then warped along their corrective ows to produce the
output video.

the output, without relying on consecutive frames from the
source video.

3 VIDEO FOLDING

The key idea behind our method is that each repetition
within the input video is a different sampling of the same
general motion. We would like to produce a novel repetition
of this same motion, but with a much denser sampling,
resulting in a video with signi cantly higher framerate than
the original. This is done by interleaving all frames from
each repetition, reordering them into a sequence consisting
of a single repetition. We capitalize on the fact that during
capture of semi-repetitive motion, we obtain different phase
offsets of the same approximate motion, and by combining
them we obtain the inter-frame motion more precisely.

Ideally, the motion being recorded is exactly periodic. In
this case, provided that the frames are reordered correcily,
no frame warping is needed as there are no inconsistencies
between repetitions. However, it is crucial that the period of
motion and camera framerate are relatively prime (i.e., out
of phase). This ensures that each succeeding repetition is
captured at some temporal offset which results in recording
the motion in between frames of previous repetitions. Oth-
erwise, if the period of motion is an exact integer multiple
of the framerate, each repetition contains the same set of
frames, and there is nothing to be gained by combining
multiple repetitions.

In real life, such repetitive motion is rarely ever exactly
periodic. For organic subjects such as people and animals,
small perturbations in motion make each repetition unique.
Even mechanical subjects may not exactly repeat. These
unique repetitions cannot be simply combined by frame
reordering alone. Warping must be applied to each frame to
make it coherent with that of frames from other repetitions
at near the same instant in time relative to the period of
motion. To this end, we introduce a corrective ow formulation
based on inter-frame optical ow, and describe a frame
warping algorithm to produce the nal output video.

Our approach consists of a pipeline (Figure 2) with three
main stages: frame reordering, corrective ow calculation,
and frame warping.

3.1 Frame Reordering

The rst stage of our pipeline involves reordering frames
based on the period of motion. Because our work focuses on
organic semi-repetitive motion, repetitions will in general
have slightly different lengths and content, and it is non-
trivial to automatically determine a correct ordering. How-
ever, these video sequences can contain a very large number
of frames, which makes manually sorting intractable. We
describe a semi-automatic sorting method that requires a
small amount of user input and produces a reasonable
ordering of the video frames.

Before frame reordering can happen, it may be neces-
sary to stabilize the input sequence. Video stabilization is
performed in the presence of camera motion and other
large global transformations throughout the sequence. In
our current system, we detect features between frames
and compute af ne transformations to best align them. We
leave to future work the integration of automatic video
stabilization (e.g., [22]). The end goal is to ensure that global
inconsistencies between repetitions are reduced. All further
operations are performed on the post-stabilized frames.

Let | be the sequence ofN frames in the original video
(after stabilization), where |; isthe i!" frame in the sequence,
and let t; be the timestamp of |; relative to the beginning
of a repetition, with 1 i N and O ti < 1. Then
we want to produce a permutation J of | such that t; is
monotonically increasing with j, and with j as an index
into J. In other words, frames in | are sorted according
to their relative timestamp to produce J. The values of
t; are determined semi-automatically. Some user input is
required to mark the rst frame of each repetition (e.g., 5-
30 simple frame selections in most cases). For every such
marked frame |, we setty = 0. The number of frames n, in
each repetition r can be determined by counting the number
of unmarked frames in between each marked frame (+1, for
the initial marked frame). For simplicity, we assume that |,
is marked:; i.e., no unmarked frames occur before the rst
marked frame. Then each unmarked frame |; is assigned
the relative timestamp

ik

tl - nri ’ (1)

where k <i is the index in | of the previous marked frame,

ri is the repetition in which frame |; occurs, and n;, is the

number of frames in repetition r;. The frames of | are then

sorted into J according to t;. Figure 3 provides a visual
explanation of this step.

We refer to t; as a relative timestamp, but note that this
is independent from a frame’s physical timestamp given
by the camera. While physical timestamps are separated
by a xed interval, relative timestamps depend on the
duration of the repetition in which a frame occurs. It is not
necessary for all repetitions to have the same duration; some
repetitions may take longer to complete than others. The
assignment of these relative timestamps effectively scales
the interval of time between frames so that all repetitions
have the same duration.
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Fig. 3. Semi-automatic frame reordering. Marked frames (highlighted) represent the rst frame of each repetition. The rst and third repetitions
have 3 frames each, while the second repetition has 4 frames. Top: the original video sequence. Bottom: the video sequence after semi-automatic
sorting. Note that the subscript to t on the top and bottom sections refers to the index into |, not J, so as to illustrate the sorted order.

Since repetition lengths are measured in number of
frames, there might be repetitions with the same length,
which causes some frames to have the same relative times-
tamp. The relative order of these frames is unde ned by the
above semi-automatic sort. In order to break these ties, the
user can choose to manually sort only the marked frames,
which determines a sorted order for all repetitions. Any
frames that have equal relative timestamps will then be
sorted by this repetition order instead. This logic assumes
the speed of motion is the same across all repetitions. If this
is not the case, the resulting sequence will be only partially
ordered.

While the above algorithm produces reasonable order-
ings for semi-repetitive motion videos, in practice the results
are not perfect. After applying this sort to various input
videos and comparing to a fully manual sorted ordering,
the number of inversions is typically O(N ), which can be
remedied by manually swapping neighboring frames until
a desired order is achieved. Note however that it may not
be strictly necessary to ne-tune the order of frames in
this way. Even if the frames are only partially ordered, the
corrective ow is computed over a local neighborhood, so
most inversions will have a negligible effect on the output
frames. In the results section we show the robustness of our
method to some ordering inaccuracy.

We highlight that depending on the content of the video
there may not be a single correct ordering of frames. This
may be caused by different areas of the subject moving at
varying speeds over many repetitions. Take for example a
video of a running horse (e.qg., Figure 6). In each repetition,
the front legs are moving at a slightly different speed than
the back legs, causing the legs to be not perfectly synchro-
nized. If the sorting order is de ned on the front legs, then
the back legs will appear to move out of order. While this
behavior is a limitation of our method, we have found that
the warping phase does a reasonable job at reducing such
visual artifacts.

3.2 Corrective Flow Computation

The nature of organic, semi-repetitive motion is such that
each repetition is slightly different from the others. Small
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Fig. 4. Corrective ows. Top: video frames in the reordered sequence,
with a tracked feature in blue. W; is the result of warping frame J; along
either corrective ow. Middle: optical ow elds from frame J; to each
other frame in the neighborhood, with window size s = 2; C; is the
direct corrective ow, obtained with Equation (5). Bottom: accumulated
ow elds from frame J; to each other frame; Ci0 is the accumulative
corrective ow, obtained with Equation (4).

perturbations between repetitions become very noticeable
when played as a single sequence. Thus even if a perfect
ordering is achieved, the resulting sequence will not contain
smooth motion. Instead, each frame must be warped to
a con guration that changes gradually and naturally over
the duration of the video. To this end, we de ne a per-
pixel corrective ow, which we later use to warp individual
frames to produce the nal motion. This corrective ow

is calculated using the dense optical ow between frames.
Since computing optical ow is typically computationally
expensive, we de ne two variations of corrective ow: ac-
cumulativeand directcorrective ow. The former uses fewer
optical ow elds than the latter, but is also less accurate.

Accumulative corrective owsums optical ow elds
throughout a local neighborhood. This formulation only
requires optical ows to be computed between direct neigh-
bors in the reordered sequence. In more detail, let F;; be
the per-pixel optical ow from frame J; to frame Jj in the
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reordered sequence. That is,

Jj (x + Fij () = Ji(x): )

We de ne a recursive ow accumulation A;y as the accu-
mulated optical ow from frame J; to frame Ji+x , as an
approximation to the direct optical ow between the frames:

2 Aik+1 (X)) + Fik 4154k X+ Ak (X)) k<0

Ak (X) = >0 k=0
TAikr )+ Fik 1k X+ Ak (X)) k>0

(3)

This formulation concatenates ow vectors along successive
optical ow elds, sampled at the previous accumulated
ow’s destination, until the destination frame is reached.
Optical ow elds are sampled using bilinear interpolation,
clamped to the image boundaries. The accumulated ow is
then used to calculate the accumulative corrective ow:

kps Aik () w(k)
wk)

Ci (X) = s
k=s

(4)

where s is a scalar window size, and w(k) is a weight
function. Indices outside the interval [1; N]wrap around, as
the sequence is expected to be cyclic. The window size deter-
mines the range of neighboring frames in the reordered se-
quence that affect the corrective ow. This parameter should
be proportional to the number of repetitions in the sequence,
since we expect the surrounding frames to capture a similar
instant in time relative to the period of motion. The weight
function can be chosen to be uniform (i.e., w(k) = 1) or
varying (e.g., a Gaussian curve so as to reduce the in uence
of frames that are further away from the current frame).
The corrective ow Cj, when applied to frame J;, produces
an output frame whose content is warped to the average
con guration over a local neighborhood. Because adjacent
frames’ corrective ows have overlapping contributions,
this average con guration changes gradually over time,
resulting in smooth output motion. However, errors in the
individual ow elds quickly add up, leading to noticeable
artifacts in the resulting corrective ows and warped results.

Alternatively, we also de ne a direct corrective ow, which
does not accumulate optical ows between frames:

=)
Ezb Fiisk () W(k)
w(k)

Ci(x): ]
k=s

®)

This formula requires optical ow computation between
each frame and a number of its surrounding frames. If the
window size is large, this can mean that a great many ows
must be computed, which may be impractical due to the
computationally expensive nature of most optical ow algo-
rithms. However, since there is no accumulation of errors in
individual ow elds, this variation is much more accurate
than the accumulative corrective ow. When possible, it
is recommended to use direct corrective ows instead of
accumulative corrective ows and such is what we use in
all our reported examples. Figure 4 shows the difference
between direct and accumulative corrective ows.

Whether using direct or accumulative corrective ow,
the resulting ow eld will contain errors. These errors stem
from the underlying optical ow computations, which in
general have trouble handling motion discontinuities [4].

Ji—1 Wi_1
J; Wi
Jit1 Wit1

Fig. 5. Frame warping. Left: a selection of reordered frames. Foreground
pixels are red, background pixels are green. Middle: warping steps for
the center frame J;. First the image is triangulated, followed by vertex
translation along the corrective ow. Stretched and ipped triangles,

shown with dashed edges, are culled before rasterization. Right: the
frames after warping, during in lling. Holes are shown as gray pixels.
The blue lines indicate which non-hole pixels from neighbor frames are
used to Il the holesin W;.

As both formulations of corrective ow combine multiple
optical ow elds, these errors are expected to accumulate.
We attempt to combat these errors by applying a bilateral
Iter [23] to the corrective ow elds prior to using them
for warping. Qualitatively, the results appear to have fewer
artifacts with the bilateral Iter than without it.

3.3 Frame Warping

To produce the output video, each frame J; in the reordered
sequence must be warped along its corrective ow eld C;
to produce a sequenceW of warped frames W;. This stage
of the pipeline is challenging for the following reasons.

The corrective ows are forward mappings, requir-
ing a forward warping technique.

The frames to be warped are not from contiguous
time segments in the source video.

Thus the usual strategy of using adjacent frames to
help ameliorate occlusions, dis-occlusions, and holes
is not possible an alternative approach is needed.
We do not assume per-pixel depth information, so it
must be approximated.

3.3.1 Forward warping

The corrective ow de nes a mapping from each pixel in
the input image to a location in the output image. This
mapping is not invertible we cannot map each pixel in
the output image to a location in the input image due to
foldovers and disocclusions. If this were the case, warping
would be a simple matter of assigning to each pixel in the
output image the sampled color at the mapped location in
the input image. Since we only have a forward mapping, we
must employ a forward warping method to produce each
warped frame.

Unlike inverse warping, forward warping is challenging
for two reasons. First, not all pixels in the output image will
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be mapped to. Divergent ows create disocclusions, which
appear as holes in the output image. These holes must be
intelligently lled to maintain image quality. Second, multi-
ple pixels in the input image might map to the same output
image pixel. This is primarily caused by occlusions, when
objects move to overlap one another in the output image.
In these cases, special consideration must be given to which
sample to display at the mapped location; i.e., which pixel
from the input image is visible in the output image. Forward
warping techniques can be found in frame interpolation [1],
[4] and view interpolation [19], [21]. However, these meth-
ods use information from neighboring frames or per-pixel
depth in order to resolve the aforementioned challenges. In
our case, the warped image W; is not an intermediate frame,
nor do we have per-pixel depth information, so we cannot
rely on the same occlusion reasoning logic.

We instead approximate per-pixel depth by using video
segmentation prior to warping. Our implementation em-
ploys the semi-supervised technique of Marki et al. [24]
to efciently label pixels in all frames |; of the original
sequence (i.e., before reordering) as either foreground or
background. This labeling L; is a real-valued image, with
pixels in the range of [0;1] (foreground to background),
representing the label assignment as well as the con dence
of such assignment. It is later used to resolve occlusions.
Video segmentation is performed on the original sequence
instead of the reordered sequence because the segmentation
process relies on temporally cohesive regions within video
frames. The reordered sequence is less cohesive over adja-
cent frames than the original sequence, since neighboring
frames are from different repetitions.

To generate the warped image W;, we rst convert the
input frame J; into a regular triangle mesh. Each pixel is
represented by a vertex located at the pixel coordinates, with
a vertex color equal to the input pixel color. Additionally,
each vertex is given a depth value according to the seg-
mentation labeling L;. A regular triangulation is constructed
from these vertices, with each triangle de ned by a counter-
clockwise vertex ordering. Then, each vertex is individually
translated along its corrective ow vector to its destination
location, without altering connectivity. The resulting mesh
represents the warped frame, and is rasterized onto the
output image. Figure 5 illustrates this step.

3.3.2 Resolving occlusions and disocclusions

Disocclusions in the warped frame appear as stretched
triangles, which must be removed from the mesh before
rasterization. A triangle is determined to be stretched if its
area is greater than a multiple  of the original area, or if the
ratio of its longest edge to its shortest edge is greater than a
threshold . In practice, we have found that setting = 2
and = 3 produces good results. These stretched triangles
are removed from the mesh prior to rasterization, creating
holes that are later lled.

Occlusions appear as folds in the mesh, with occlud-
ing objects represented by overlapping groups of triangles.
Some of these triangles are ipped, particularly those that
span occluding object boundaries. These ipped triangles
are detected by their clockwise vertex order, and are auto-
matically culled with back-face culling enabled. The remain-
ing front-facing overlapping triangles are also automatically

resolved by rendering with depth testing enabled. Back-
ground triangles have a greater depth value assigned by the
labeling, and thus will be occluded by foreground triangles.
In some cases, overlapping triangles will share depth values,
caused by a lack of true depth from the video segmentation
labels. The resulting pixel color in these cases is ambiguous,
determined by the rasterizer used. This is a limitation of our
method, and is likely grounds for future work.

After rasterizing the warped mesh onto the output
image, holes caused by disocclusions must be lled. This
process uses color information from neighboring frames in
the warped sequence (and not using neighboring frames in
the original sequence as is typically the case), thus this phase
must occur after all frames have undergone warping. As
part of the warping process, we produce a binary mask M;
to represent holes in the output image:

0 if x isnotin a hole;

Mi(x) = .
() 1 if x isin a hole: ©
Holes are then lled as follows:
W; = M ; W, + i:!ﬁ S(Mi NM sk ) Wik W(k)
k=s (Mi™MM i) w(k)
@)

In other words, each pixel that is in a hole in W, is lled
with the average color of pixels in neighboring warped
frames at the same location, that are also not in holes in
the neighboring warped frames, within some neighborhood
window size s. In Figure 5, holes are shown as gray pixels,
which are lled by neighboring warped frames. w(k) is a
weight function that can be uniform (i.e., w(k) = 1), or can
be chosen to reduce the in uence of far away neighboring
frames (e.g., a Gaussian curve). In the above equation,, +,
;,and ™ are all per-pixel operators.

As the corrective ow represents the ow to the average
frame con guration within a neighborhood, most disoc-
clusions caused by the warp are likely to be unoccluded
in some neighboring frames. Thus, we expect the above
algorithm to Il most holes caused by such disocclusions.
Still, it is possible that some holes remain after this lling
process. Any such remaining holes are lled by a simple
outside-in approach, where pixels in holes are lled by the
average color of neighboring non-hole pixels in the same
image, until all holes have been lled.

The resulting warped sequence exhibits the same general
motion as the input video, but at a much higher framerate
while also maintaining smoothness of motion. However, if
there are slight illumination changes between repetitions,
the output sequence appears to icker. To reduce this effect,
we apply a smoothing operation on the output sequence,
whereby each warped frame is averaged with its two
neighboring frames. This substantially reduces the ickering
effect, at the cost of a small degree of additional blur.

4 RESULTS

In this section, we show several results of our method. While
we include pictures in this section, we encourage the reader
to view our accompanying video for further results analysis.
The time to process a single video is dominated by
the optical ow calculation. We experimented with several
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optical ow algorithms (i.e., [8], [15], [25], [26]), and found
that MDP-Flow [8] overall produces output with the fewest
visual artifacts, and hence is our preferred ow estimation
algorithm when time permits. MDP-Flow is, however, com-
putationally expensive, requiring on average 3.5 minutes to
compute the optical ow between a pair of frames for the
videos we have processed, typically around 512x512 pixels
in size. Using direct corrective ows, this can quickly add
up to days of computation time. We alternatively use PWC-
Net [15], which takes 4 seconds per ow on average using
a Nvidia GeForce RTX 2080. Depending on the number of
repetitions used and on the number of frames per repetition,
the total compute time for a video typically varies from
around 10 to 30 hours using PWC-Net.

4.1 Framerate increase

Figure 1 demonstrates the application of our method. The
top row displays a subset of frames from an input video in
their original order. Three repetitions of the overall motion
are visible, and in this example the positions of the left hand
and right foot are shown throughout the sequence. After
frame reordering (left), we obtain a non-repeating coherent
sequence. These frames are from separate repetitions, but
all occur at roughly the same point in time relative to the
period of motion. The global positions of features within
these frames are similar, but by zooming in on the hand
and foot, you can see that there are notable positional
differences between them. When played in a video, these
small differences become very evident and distracting. The
middle of the gure shows color-coded corrective ows for
the zoomed-in areas of each frame. The hand/foot features
are assigned different directions in each corrective ow eld,
corresponding to the displacement towards the average
position of these features over a local neighborhood. The
reordered frames are then warped along their corrective
ows (right). In the closeups, the hand and foot are closer to
the same areas in each frame. When played in a video, the
resulting motion is smoother than before warping.

4.2 Frame reordering

During frame reordering, frames within the video sequence
are sorted according to their approximate position within

a repetition. However, since the motion is organic, it may
be dif cult or even impossible to achieve an exact ordering
of frames. Despite this fact, the warping phase corrects
inconsistencies between repetitions, including those caused
by out-of-order frames. Thus, it is only necessary to obtain
a partial ordering of the video sequence in order to obtain
smooth results. Figure 6 demonstrates that even if the exact
sorted order is unknown, the warping phase can produce
reasonable results. Close-ups of a warped frame from three
different orderings of a sequence are shown. The left-most
frame shows the result of warping a completely manually
sorted sequence. It is considered as close to the perfect order
as possible. The other two frames show the result when
the sequence is only partially ordered. As the sequence
becomes less ordered, the quality degrades. These partial
orderings are generated by starting from the manually
sorted sequence, and introducing random swaps between
neighboring frames. The algorithm for generating a partial

Fig. 6. The effects of a partial ordering on the nal results. Top: a
representative frame from a sequence of a horse on a treadmill. Bottom:
closeups of a front leg after warping under different partial orderings.
Left: the result of warping when the sequence is completely manually
sorted. Middle: warping with 20% random adjacent swaps. Right: warp-
ing with 50% random adjacent swaps.

Accumulating flow Direct flow
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Fig. 7. Accumulative ow vs. direct ow. Accumulative ow is calculated
with increasing window sizes to demonstrate the accumulation of errors.
The closeups show the warped results paired with color-coded correc-
tive ow images. Direct ow is calculated with the largest window size
shown for accumulating ow, but there are far fewer artifacts.

ordering is as follows. N? Bernoulli trials are performed
with a probability P. If a trial succeeds, then an index i
between 1 and N 1 is uniformly randomly chosen and
frame J; is swapped with frame Jji1 .

For the middle frame in Figure 6, P is set to 0.2. The
resulting frames contain more blur than those in the manu-
ally sorted sequence, but the motion in the video sequence
is still smooth. In the right-most frame, P is setto 0.5. The
images for this sequence contain even more blur, and the
video quality degrades signi cantly.

4.3 Corrective Flow

Corrective ow is calculated to counteract small differences
between repetitions. As previously mentioned, there are two
variations of corrective ow: accumulative corrective ow
and direct corrective ow. The former requires fewer optical
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