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Abstract—Text-to-video generation is getting attention and
the generated videos can be used in many applications. However,
it is uncertain whether existing deep learning techniques work
well for generated videos. In this paper, we compose a study of
how generated videos can be retargeted by deep learning models
with the ratio of the main object preserved and looked for ways
to improve the quality of the generated and retargeted video
frames. Throughout the experiment, we discover the errors of
video retargeting on the generated videos in the processes of
segmentation, inpainting, and relocating.

1. INTRODUCTION

When displaying a video on another device, adjusting the
original screen ratio of a video to the other screen ratio well,
called video retargeting, is necessary. The aspect ratio stands
for the image ratio of its width to its height and can be
expressed as 4:3, 16:9, and so on. When the aspect ratio value
of a new screen increases and videos are displayed with the
original ratio of themselves, the screen on both sides could be
totally empty, which means we cannot use the advantage of
wide-screened electronic devices. In addition, to match the
increased aspect ratio of the screen, the object of the generated
text-to-video needs to be overstretched, which harms the
quality of experience (QoE). Thus, video retargeting research
should be investigated thoroughly without harming QoE.

Furthermore, video retargeting [1], [2], [3] is more
challenging when the source video is computer-generated
video rather than natural video which can be easily obtained
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Fig. 1. Framework of the retargeting method of a generated video frame.
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and utilized to train deep learning-based model. Particularly,
generated video by text-to-video model, which has been in the
spotlight and has become a big sensation recently [4], [5], [6]
may increase the difficulty of maintaining QoE in video
retargeting, which has not yet been extensively studied. As
with generated images today [7],[8], generated video will have
many more applications. It can be used as a dataset for other
models and for content creation on various video streaming
platforms. When retargeting such video, we found that it is
also difficult to maintain the original size ratio of the objects
in generated video.

To discover QoE of video retargeting on such new video
dataset, in this paper we conducted a study of retargeting
generated videos. In the study, a deep learning-based
framework [9] has been applied to generated video sets
obtained from demo videos of Make-A-Video [10]. In the
generated videos, first, it detects the main objects, segments
them, and detaches them from every single frame of the videos.
Then, the framework includes inpainting the location where
the objects are detached. After all, the inpainted frames are
adjusted and resized to the new aspect ratio of the screen and
segmented objects are relocated [9] to the frames. We
conducted a study for the first time of retargeting generated
videos by segmenting and detaching the main objects and
relocating them. Throughout the experiment, we found several
errors and are reporting them for the future work.
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Fig. 2. Resized frames by hand compared to Relocated and Retargeted
frames.

II. DATASET AND FRAMEWORK

A. Dataset

We downloaded text-to-video generation demo videos
from Make-A-Video [10]. Fig. 1 shows the video frames we
got online and used. All the videos were 512 x 512 resolution
at 14 fps. One example of video was made upon given text,
which is “A dog wearing a Superhero outfit with a red cape
flying through the sky.” In the video, A dog flying in the sky
turns in its body and gets closer. One video has 3 seconds
long and all other videos have 5 seconds. Overall, the frames
showed low resolution.

B. Framework

Fig. 1 shows a framework of the retargeting method of
generated videos. Our framework consists of three main
processes: 1) detaching objects [11], 2) inpainting [12], 3)
resizing and relocating that is adopted from [9]. We applied
the retargeting method to generated videos. First, from a
frame of generated video with its own aspect ratio, objects are
detected by the segmentation method applied from [6]. If the
object occupies the largest proportion of the frame, it was
considered the main object. In addition, objects with the main
object should be detected and detached together with the
main object. We put them in the subclass to be detached
altogether. After segmentation, the coordinate values of
where the objects were located were stored and masked
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frames were made for inpainting. Second, for inpainting, we
applied for work from [12]. The part where the detached
objects were located was inpainted with the information of
masked frames. Finally, the inpainted background frames
were resized to the target aspect ratio. In this study, they were
resized to the ratio of 16:9, width to height. After the
background being resized, the detached objects were
relocated.

III. RESULTS

A. Comparison of increased frames by hand and retargeted
frames by deep learning method

Fig. 2 shows the comparison of video frames that we
stretched out the image size from 1:1 to 16:9 by hand and the
final result of masking, inpainting, retargeting and relocating.
When we applied the retargeting method [9], the objects are
relocated while maintaining their original ratio of themselves.
Even though the backgrounds are stretched, the objects are
not overstretched since we segmented and relocated them.

B. Segmentation Error

Fig. 3 shows the results and errors for each process of
the video frame. Fig. 3a indicates a case when the main object
of the frame was not completely segmented. Only a portion
of the main object of each frame was segmented. In Fig. 3a,
one out of four people is not segmented and only three people
can be seen in the masked frame. Fig. 3b shows a case when
sub-objects are not segmented. In Fig. 3b, the red cape of a
dog is not segmented, in turn, we cannot see the shape of the
cape in the masked frame. It appears in the inpainted frame
that is not intended to be there.

C. Inpainting Error

Fig. 3c and d show the case of inpainting errors. The
inpainted frame of Fig. 3¢ shows some afterimages of the
main objects. In Fig. 3d, even though the background is
inpainted with the nearby color, it does not show the shape of
trees of forests with a blurred image.

D. Relocating Error

Fig. 3e shows the case of relocating error. In the final
frame, there are two main objects which are dogs together in
one frame. Even though in the process of masking and
detaching, the main object was detached successfully as we
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Fig. 3. Results using semantic segmentation and impainting methods for text-to-video generation data.
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can see in the inpainted frame, in the relocated and retargeted
frame, there exist two of them.

IV. CoNCLUSION

The more text-to-video generation models come out, the
more videos can be generated. They are being displayed on
various electronic devices since they have versatile uses. In
this paper, we applied a retargeting method to generated
videos from make-a-video. Among the video frames, we
could notice a white and thick border line between the object
and the background. In addition, one of the objects had a
blurred boundary between the background and the object. In
the future study, we expect to improve the quality of the
frames by using deep learning-based SR methods (such as
[13]) rather than simple resizing. The results of applying the
retargeted method to generated video frames show that the
ratio of objects is preserved well when the background is
stretched. By improving the inpainting method, we look
forward to getting a higher-quality output without
afterimages. Furthermore, in the future study, we need to find
clues about several output images having two main objects
even though all the stages conducted in the retargeting
method are done successfully in this study.
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