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(57) ABSTRACT

A computer-implemented method may include accessing a
video clip associated with a media item and comparing the
accessed video clip to various previously selected video
clips that have been used to promote each clips’ correspond-
ing media item. The method, upon determining that the
accessed video clip is sufficiently similar to a specified video
clip, may also include accessing a take fraction value
associated with the specified video clip that indicates how
well the specified video clip has correlated to user views of
the associated media item. Then, based on the association
between the specified video clip and the take fraction value,
the method may include training a machine learning model
to predict a video clip take fraction value for the accessed
video clip indicating how well the video clip will correlate
to user views of the media item. Various other methods,
systems, and computer-readable media are also disclosed.

20 Claims, 7 Drawing Sheets

Computer System

102 103
104

121

Communications Module

105 108-
Recevier Transmiter

\

,

Data Store

107
s ‘Ricessing Module

‘22i

119
Fredicted
Outcome

113

123

124
Vides Tl
Take Fraction
Value

[ Video Clip Filtering Module ]

114~

[ Video Clip Ranking Module |

IEEEN

[ Feedback Module ]

17



U.S. Patent

100

126
New Media
itern
120 v
Unprocessed
Video Clip

118

Predicted
Cutcome

Oct. 7, 2025 Sheet 1 of 7
101 ~
Computer System
102 ~ 103 ~
| Processor | I Memory |
104 ™
Communications Module
105 ~ 108 ™~
Recevisr Transmitter
107 ~
:':g Accessing Module
108 -~

| Comparing Module

Similarities

US 12,439,108 B2

121

P
W

Data Store

122
{ Media ltems |

el 123
v Video Clips 3
124~

11(}.\ .....................................
[ ML Model Training Module %
112~

-'-%{ Prediction Module
13~
g Video Clip Filtering Module §
114
| Video Clip Ranking Module |
15~
! Feedback Module |

FIG. 1

Video Ch
Take Fraction |
Value




U.S. Patent Oct. 7, 2025

Method
200

\

210\\

Sheet 2 of 7

Access video clip associated

with media item

220\\

¥

Compare video clip to previously

selected video clips

230-\

¥

Access take fraction valus

24()\\

¥

Train maching learning model o
predict new take fraction value

FIG. 2

US 12,439,108 B2



US 12,439,108 B2

Sheet 3 of 7

Oct. 7, 2025

U.S. Patent

SRl

N.Qm .l./w 20 Mwﬂwn:

0 e o

. o

> e L) [BABIIGM Y e
77 - selBpipuED
ot A G0 pauey \\\\\?\\\\
i yoeg spasd ,
BIR(} SOUBLLOHSET {siom) K ﬁ b @ mwwmmﬁmwﬁ
y0e
peziE20] pue payssbuyy
sie dyo peideocoy -¢
SI0H00G pUv SiBUSIBIN

/

0%

SAIUSUBS UM STHD SA0LUBY vIBpeISiy pue ‘suoided
‘DISOID ‘OBPIA OiphY
SBINIEDL RPOUINN

/ /

S0¢C Z0¢e

sdin 1elonadsssy sonps -2

£oge



US 12,439,108 B2

Sheet 4 of 7

Oct. 7, 2025

U.S. Patent

.
'y

yorgAE]
AL

/

L0¥%

Sjsusnipy
apoosuny B3

TN,
s Sninies

oNASUnD

\Q

Buiss800id-1S0d

- G0y

D

iy
T

LIONDCId/
US HoAA LLICLISH
o) Aoy difs/
SIS,/

iyl dily” /]

oy

. ¥ov

/.,moﬁ

¥ s

Ao Bupsxy
ayipiceT dyd S

$80(]
iy
Necop

-
}
i
}
}
§
}
}
§
}
i
§
}
goL) i
ol ‘wewibes gl
Buissssoig-ald M uisl BiDsipy
- zov ! \,
; Loy
§
]
}
§
]
}
}

0y



US 12,439,108 B2

Sheet 5 of 7

Oct. 7, 2025

U.S. Patent

S 'Bid
’ suoissasd
£es000 = N8k : R A—
MEOL SIUBBNG INISSB00NS #
f,.mcm
Lig3nvs
w“zmmmﬁ
SUIAY Gl < LURSAS YSS00ng O z

{41} vonorig sxel did oapip




US 12,439,108 B2

Sheet 6 of 7

Oct. 7, 2025

U.S. Patent

-

U

wcmwwmno M wﬁﬂmm_cc{ MA.,

-

,/.Bw
NEINREN

. 90%

Qoo ] |1

joes ] 4§ 1 je—t

T T T T e

J01e68i88y
jane] -dno

mmmmow

10ebaibby 7

\ jors) s

Wd\mm@

autjadidg

/

199

009



US 12,439,108 B2

Sheet 7 of 7

Oct. 7, 2025

U.S. Patent

L 'O

5dn8sciD SWanRYY

51045

uonsy

Buiysigesy

ARuE0I
peseq suondes pasoin

€04
010 ‘SOUSHHA ‘ACBUHNIUL 'UsHoR ‘sdnesol
SLUBIXS ‘slous BuiusygeIss oopuy

adi} j0ug oapip

e S04

104S Jad 81008 B seonpoid ¥o0ig Yyoe3

SBINLLS] OIPIA

/

LOL

004



US 12,439,108 B2

1
VIDEO CLIP LEARNING MODEL

BACKGROUND

Movies and other media items often have trailers, intros,
or short video clips associated with them. These video clips
typically serve to entice people to view the underlying media
item. Short video clips, for example, are often shown while
a user hovers over a selection in a media streaming user
interface. In some cases, these video clips may provide
information about the media item (e.g., a movie or television
show), including an indication of which actors or actresses
are in the movie, which genre the movie falls into, who
directed the movie, or other kinds of information.

In some cases, specific video clips from the movie may be
selected to advertise the associated movie or tv show.
However, each media item may include many different clips,
potentially from different points in the movie or from
different episodes in a tv show. Each of these video clips
may have a different appeal to potential audiences. The
amount and different types of available video clips may
overwhelm human users that are tasked with trying to
identify suitable video clips from a wide range of available
clips taken from the media item.

SUMMARY

As will be described in greater detail below, the present
disclosure describes systems and methods for predicting
video clip performance for video clips and their correspond-
ing media items.

In some embodiments, the techniques described herein
relate to a computer-implemented method that may include:
accessing at least one video clip associated with a media
item, comparing the accessed video clip to one or more
previously selected video clips that have been used to
promote each clips’ corresponding media item, upon deter-
mining that the accessed video clip is sufficiently similar to
at least one specified video clip of the previously selected
video clips, accessing a take fraction value associated with
the specified video clip that indicates how well the specified
video clip has correlated to user views of the associated
media item, and based at least on the association between the
specified video clip and the take fraction value, training a
machine learning (ML) model to predict a video clip take
fraction value for the accessed video clip indicating how
well the accessed video clip will correlate to user views of
the media item.

In some cases, the method may further include accessing
an unprocessed video clip associated with a new media item
that has not been processed by the trained ML, model, and
implementing the trained ML model to predict a take frac-
tion value for the unprocessed video clip to indicate how
well the unprocessed video clip will correlate to user views
of the new, unprocessed media item. In some cases, the
method may further include tracking, as feedback, how well
the unprocessed video clip correlated to views of the asso-
ciated media item and incorporating the feedback in the ML,
model when accessing future video clips and predicting
future video clip take fraction values.

In some examples, the method may further include chang-
ing a selected video clip for at least one media item based on
the incorporated feedback. In some embodiments, compar-
ing the accessed video clip to one or more previously
selected video clips may include identifying and matching
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patterns or audio/video characteristics that are present in the
accessed video clip and in the previously selected video
clips.

In some cases, the method may further include filtering
video clips that are to be processed by the ML model to
ensure that the video clips are usable by the ML model. In
some examples, the video clip take fraction value may
indicate a percentage of views of the associated media item
relative to a number of impressions of the accessed video
clip. In some embodiments, the ML, model may include a
deep learning model that is configured to analyze a plurality
of video clips and a corresponding plurality of video clip
take fraction values to indicate how well the plurality of
video clips correlates to views of the associated media items.

In some examples, the method may further include rank-
ing each of the plurality of video clips based on the predicted
video clip take fraction values. In some cases, the video clip
take fraction value may include, as a factor, an amount of
time spent watching the media item. In some examples, the
video clip take fraction value may include, as a factor, a
property associated with the media item. In some embodi-
ments, edited versions of the accessed video clip may result
in different video clip take fraction values for the associated
media item. In some cases, the ML model may be configured
to process the edited versions of the accessed video clip as
separate video clips that are each associated with the media
item.

In some examples, the method may further include adding
one or more timecodes to the accessed video clip to adjust
the length of the video clip. In some embodiments, the
accessed video clip may include at least one of a scene or a
shot determined by respective scene boundaries or shot
boundaries. In some cases, the accessed media item may
have a plurality of corresponding video clips, and a person-
alized video clip may be presented to a user to entice views
of'the media item. In some embodiments, a plurality of video
clips may be stitched together to provide a single, longer
video clip. In some cases, a random video clip may be
selected over a highly ranked video clip for presentation to
a user.

In some aspects, the techniques described herein relate to
a system including: at least one physical processor and
physical memory including computer-executable instruc-
tions that, when executed by the physical processor, cause
the physical processor to: access at least one video clip
associated with a media item, compare the accessed video
clip to one or more previously selected video clips that have
been used to promote each clips’ corresponding media item,
upon determining that the accessed video clip is sufficiently
similar to at least one specified video clip of the previously
selected video clips, access a take fraction value associated
with the specified video clip that indicates how well the
specified video clip has correlated to user views of the
associated media item, and based at least on the association
between the specified video clip and the take fraction value,
train a machine learning (ML) model to predict a video clip
take fraction value for the accessed video clip indicating
how well the accessed video clip will correlate to user views
of the media item.

In some aspects, the techniques described herein relate to
a non-transitory computer-readable medium including one
or more computer-executable instructions that, when
executed by at least one processor of a computing device,
cause the computing device to: access at least one video clip
associated with a media item, compare the accessed video
clip to one or more previously selected video clips that have
been used to promote each clips’ corresponding media item,
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upon determining that the accessed video clip is sufficiently
similar to at least one specified video clip of the previously
selected video clips, access a take fraction value associated
with the specified video clip that indicates how well the
specified video clip has correlated to user views of the
associated media item, and based at least on the association
between the specified video clip and the take fraction value,
train a machine learning (ML) model to predict a video clip
take fraction value for the accessed video clip indicating
how well the accessed video clip will correlate to user views
of the media item.

Features from any of the embodiments described herein
may be used in combination with one another in accordance
with the general principles described herein. These and other
embodiments, features, and advantages will be more fully
understood upon reading the following detailed description
in conjunction with the accompanying drawings and claims.

BRIEF DESCRIPTION OF THE DRAWINGS

The accompanying drawings illustrate a number of exem-
plary embodiments and are a part of the specification.
Together with the following description, these drawings
demonstrate and explain various principles of the present
disclosure.

FIG. 1 illustrates a computing architecture in which
embodiments of the disclosure may be performed.

FIG. 2 illustrates a flow diagram of a method for predict-
ing video clip performance for video clips and their under-
lying media items.

FIG. 3 illustrates an alternative computing architecture in
which embodiments of the disclosure may be performed
including identifying features, accepting or rejecting video
clips, ingesting and localizing clips, and providing system
feedback.

FIG. 4 illustrates an alternative computing architecture in
which embodiments of the disclosure may be performed
including preprocessing, retrieving, ranking, sampling, and
processing video clips for implementation in a streaming
interface.

FIG. 5 illustrates a computing architecture in which
embodiments of the disclosure may be performed including
calculating a video clip take fraction value.

FIG. 6 illustrates a computing architecture in which
embodiments of the disclosure may be performed including
identifying and implementing audio, video, text, or metadata
related to a media item.

FIG. 7 illustrates an embodiment of various video features
that may be identified and implemented in the embodiments
herein.

Throughout the drawings, identical reference characters
and descriptions indicate similar, but not necessarily iden-
tical, elements. While the exemplary embodiments
described herein are susceptible to various modifications and
alternative forms, specific embodiments have been shown
by way of example in the drawings and will be described in
detail herein. However, the exemplary embodiments
described herein are not intended to be limited to the
particular forms disclosed. Rather, the present disclosure
covers all modifications, equivalents, and alternatives falling
within the scope of the appended claims.

DETAILED DESCRIPTION OF EXEMPLARY
EMBODIMENTS

The present disclosure is generally directed to predicting
video clip performance for media item video clips and their
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corresponding media items. As noted above, video clips are
often taken from media items such as movies to advertise or
provide information about those movies. For example, a
movie that stars a specific actor or actress may use a video
clip of that actor or actress from within the movie to
advertise that film. These video clips are intended to attract
viewers to click “play” on a title within a media streaming
service. The video clips may be implemented in streaming
service selection menus, in promotional materials associated
with a movie or tv show, or in other scenarios with other
types of media items.

In some cases, in video streaming services, these video
clips may be referred to as “hook clips.” Hook clips are
intended to “hook” the user into watching the underlying
movie or tv show. The video clips may include action
scenes, dramatic scenes, visual landscape scenes, intense
dialogue scenes, or other clips from the media item that
would attract a user to that media item and ultimately entice
the user to play back the media item. The number of times
a given title is played is often referred to as the number of
“views” the media item has received. Video clips are typi-
cally selected or intentionally designed or edited to increase
the number of views associated with a given title. Histori-
cally, however, human users who select the video clips used
with media items may struggle with the large number of
video clips available, as well as the different types of video
clips that may appeal to different audiences in a media
streaming service.

The embodiments described herein present systems and
methods that are designed to increase the number of views
for a given media item. As will be explained in greater detail
below, these systems and methods may implement multiple
different techniques, either alone or in combination, to create
or select video clips that are better at driving views to the
video clip’s underlying media item. These systems and
methods may, at a high level, filter and retrieve video clips
that are suitable for presentation as hook clips, may identify
patterns in the retrieved video clips to rank those video clips
based on which is most likely to increase the number of
views of the associated media item, and may provide the
ranked video clips to editors or other users for editing and/or
final approval. While many of the embodiments described
herein will reference movies and television shows, it will be
understood that the principles, systems, and algorithms
described herein may be implemented to extract, filter, and
rank video clips in substantially any context where video
clips of any type are to be identified and selected for a
specific purpose. These embodiments will be described in
greater detail below with regard to FIGS. 1-7.

FIG. 1, for example, illustrates a computing architecture
100 in which specified video clips may be identified and
used as hook clips for a corresponding media item. FIG. 1
includes various electronic components and elements
including a computer system 101 that is used, alone or in
combination with other computer systems, to perform asso-
ciated tasks. The computer system 101 may be substantially
any type of computer system including a local computer
system or a distributed (e.g., cloud) computer system. The
computer system 101 includes at least one processor 102 and
at least some system memory 103. The computer system 101
includes program modules for performing a variety of
different functions. The program modules may be hardware-
based, software-based, or may include a combination of
hardware and software. Each program module uses comput-
ing hardware and/or software to perform specified functions,
including those described herein below.
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In some cases, the communications module 104 is con-
figured to communicate with other computer systems. The
communications module 104 includes substantially any
wired or wireless communication means that can receive
and/or transmit data to or from other computer systems.
These communication means include, for example, hard-
ware radios such as a hardware-based receiver 105, a
hardware-based transmitter 106, or a combined hardware-
based transceiver capable of both receiving and transmitting
data. The radios may be WIFI radios, cellular radios, Blu-
etooth radios, global positioning system (GPS) radios, or
other types of radios. The communications module 104 is
configured to interact with databases, mobile computing
devices (such as mobile phones or tablets), embedded com-
puting systems, or other types of computing systems.

The computer system 101 further includes an accessing
module 107. The accessing module may be configured to
access media items 122 including movies, television shows,
online videos, or other types of media items. Each of these
media items 122 may include corresponding video clips 123.
The video clips 123 may represent short sections of a movie
or television show, for example. While the video clips 123
may be substantially any length, many of the video clips
may be between 1-5 minutes in length. In some cases, the
video clips 123 may align with the beginning and ending of
scenes in the media item, while in other cases, the video
clips may align with video shots (e.g., close-up shots,
landscape shots, opening shots, etc.). In some embodiments,
the video clips 123 stored in data store 121 may have already
been processed and may have been stored in the data store
for later use. The unprocessed video clips 120 may be video
clips taken from a new media item 126 that has not yet been
processed by the computer system 101.

The computer system 101 may further include a compar-
ing module 108. The comparing module may be configured
to compare a specific video clip to one or more previous
video clips 123. This comparison process may include
analyzing the previous video clips 123 for patterns and then
determining whether the specified video clip shares some or
all of those patterns. For instance, some of the previous
video clips 123 that have been used in conjunction with their
underlying media items to advertise or provide information
about those media items may include car chases, first fights,
or explosions indicating an action scene, or may include
sustained dialogue, close-up facial shots of an actor/actress,
or actions that would indicate a dramatic scene, or may
include other types of scenes or video shots that would
indicate genre, style, type, or other indicators of a movie’s
substance or characteristics.

These patterns and indicators may be applied to the
specified video clip to determine whether that clip includes
any of the patterns or indicators shared by the previous video
clips 123. If so, the comparing module 108 may indicate,
based on the identified similarities 109, that the specified
clip may be suitable for use as a hook clip in conjunction
with that media item. At least in some cases, these similari-
ties may include “features” or “variables” extracted from
different modalities (e.g., audio, video, text, etc.). These
extracted features may then be provided to an ML model to
be used in ML training and inference processes, as will be
explained further below.

As noted above, a “video clip take fraction” or “video clip
take fraction value” 124 may represent the number of
successful streams of a media item relative to the number of
impressions of that media item (e.g., the number of people
that select the media item in relation to the number of people
that view some or all of the video clip). Additionally or
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alternatively, the video clip take fraction value 124 may
indicate the number of users that “liked” the media item (or
otherwise indicated interest in the media item) relative to the
number of impressions. The higher the ratio in the video clip
take fraction value 124, the better the video clip is at drawing
views. The data store 121 may store many thousands or
millions of video clips (or more), along with calculated,
corresponding video clip take fraction values 124. These
video clip take fraction values 124 may indicate, for each
video clip/media item pair, how well the video clip per-
formed at drawing views, likes, or other indications of
interest to the media item from which the video clip was
taken.

Computer system 101 may further include a machine
learning (ML) model training module 110. The ML model
training module 110 may be configured to train an ML
model to identify video clips that are likely to perform well
in drawing users to view a given media item. The ML model
may take, as input, the stored media items 122 and their
corresponding video clips 123, along with any associations
between the media item and the corresponding video clip
(e.g., a video clip take fraction value 124 that indicates a
video clip’s performance at driving views of the media
item). As will be explained further below, the ML model
may analyze many thousands or millions of video clips and
associated media items and may isolate patterns in video
clips that have performed well in driving views for their
underlying media items. These video clip patterns 111 may
indicate that a given video clip will or will not be a valuable
hook clip or, stated differently, that a video clip will or will
not have a high video clip take fraction value 124 relative to
its underlying media item 122.

The prediction module 112 of computer system 101 may
implement the trained ML model to generate a predicted
outcome 119 such as a predicted video clip take fraction
value 124. This predicted outcome 119 may be provided to
a user 117, to a user’s electronic device 118, and/or to other
entities or devices. The prediction may specify, for a new,
unprocessed video clip 120 that has not previously been
processed by the trained ML model, the most likely video
clip take fraction value for that video clip and the new media
item 126. These and other embodiments will be described in
greater detail below with regard to Method 200 of FIG. 2 and
with continued reference to computing architecture 100 of
FIG. 1.

FIG. 2 is a flow diagram of an exemplary computer-
implemented method 200 for predicting video clip perfor-
mance for media item video clips and their underlying media
items. The steps shown in FIG. 2 may be performed by any
suitable computer-executable code and/or computing sys-
tem, including the system illustrated in FIG. 1. In one
example, each of the steps shown in FIG. 2 may represent an
algorithm whose structure includes and/or is represented by
multiple sub-steps, examples of which will be provided in
greater detail below.

As illustrated in FIG. 2, at step 210, the method 200 may
include accessing at least one video clip associated with a
media item. At step 220, the method 200 may include
comparing the accessed video clip to one or more previously
selected video clips that have been used to promote each
clips’ corresponding media item. Then, step 230 may
include, upon determining that the accessed video clip is
sufficiently similar to at least one specified video clip of the
previously selected video clips, accessing a take fraction
value associated with the specified video clip that indicates
how well the specified video clip has correlated to user
views of the associated media item. Step 240 of method 200
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may include, based at least on the association between the
specified video clip and the take fraction value, training a
machine learning (ML) model to predict a video clip take
fraction value for the accessed video clip indicating how
well the accessed video clip will correlate to user views of
the media item.

FIG. 3 illustrates a computing architecture 300 in which
the method 200 of FIG. 2 may operate. In the computing
architecture 300, a retrieval algorithm 303 may be config-
ured to access various video clips. In the example of FIG. 3,
the retrieval algorithm 303 may be configured to access
video clips from a video 301 entitled “Queen’s Gambit.”
The retrieval algorithm 303 may additionally access mul-
tiple other video clips and associated take fraction values
that are based on other media items that have previously
been analyzed. The previous analysis may indicate, for each
video clip, how well that video clip performed at getting
users to select and view the corresponding media item.

Those video clip and take fraction pairs may be used by
a ranking algorithm 304 to train an ML model to recognize
which video clips are most likely to perform well at attract-
ing views. The ML model may be trained to recognize which
patterns lead to higher video clip take fraction values (e.g.,
patterns showing a main character, or patterns showing a
specific genre or style (action or western), or patterns
showing an overall tone of the media item, or other types of
patterns). The ranking algorithm 304 may then use this
trained ML model to analyze the video clips received from
the video 301 and rank the video clips based on their
calculated take fraction value.

In some cases, the retrieval algorithm 303 may implement
various types of media item features to create the video
clips. At least in some embodiments, these features may be
referred to as “multimodal features” 302 as they represent
multiple different types of media item features or character-
istics. For instance, the multimodal features 302 may include
audio features (e.g., indicating when a scene has begun or
ended, or indicating when a specific actor or actress is
speaking, etc.), video features (e.g., indicating when a scene
or video shot has begun or ended, indicating what type of
shot is being used, indicating the content and/or genre of the
scene, etc.), closed captions (e.g., indicating which dialogue
is being said or when the dialogue begins or ends), metadata
(e.g., indicating lists of actors or actresses, indicating genre,
indicating overall runtime, indicating A/V characteristics, or
other information), or any other explicit features or implicit
features that may be derived from different characteristics of
the media item. Any or all of these multimodal features 302
may be used by the retrieval algorithm 303 when accessing
or generating video clips. As noted above, the ranking
algorithm 304 may then rank these video clips based on their
associated video clip take fraction values, which may be
predicted or may be based on previously obtained empirical
data associated with the video clip/media item pair.

The ranked video clips may then be provided to an editor
or other user at 305. The editors may view the video clips
and may either approve the clips for use in conjunction with
the media item or reject the video clips and prevent the video
clips from being used on the streaming (or other) platform.
In some cases, the editors may reject the video clips for
including sensitive material (e.g., gore, nudity, sex, adult
language, spoilers, or other scenes that would not be appro-
priate for certain audiences). At 306, the video clips that
were approved may be added to the streaming platform for
distribution. At least in some cases, the approved video clips
may be localized by changing languages, adding dubbing,
changing box art, modifying the start time or end time of the
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clip (i.e., adjusting the length of the clip) or making other
changes to bring the video clips in line with local customs
or norms.

At 307, the system may monitor how well the selected
video clips perform as hook clips and may provide feedback.
Video clips that, upon being viewed, are more often suc-
cessful at drawing the views of the underlying media item
may have a higher take fraction value and may be promoted
over video clips that, when viewed, result in a lower take
fraction value. At least in some cases, the feedback indicat-
ing which video clips performed the best at driving views
may be used to identify patterns in the top-performing video
clips and may be used to dynamically update the ML model
to better recognize which future video clips will lead to the
most views of the underlying media item. This process is
illustrated in further detail in FIG. 4.

FIG. 4 illustrates an alternative computing architecture
400 that includes various software, hardware, or firmware
modules that are configured to perform different functions.
In some cases, the embodiment shown in FIG. 4 may
represent a video clip learning model (VCLM). At least in
some cases, the VCLM may include a pre-processing mod-
ule 402 that takes an input media item (e.g., 401, which may
be identified by a television season identifier or a movie title)
and segments the media item into different video clips.
These clips may be based on shots, scenes, timestamps (e.g.,
from 3:30-5:45 or from 1:10:05-1:15:53), or other differen-
tiators. The pre-processing module 402 may also perform
filtering to remove video clips that have sensitive content
(e.g., spoilers or adult content) or other content that would
not be advisable to include in a hook clip for general
consumption.

The computing architecture 400 may also include a
retriever module 403, a video clip ranker 404, a sampler 405,
and a post-processing module 406. The retriever 403 may be
configured to access video clips that have already passed the
sensitive content filter and have been segmented into clips.
Some of these clips may include a single, contiguous seg-
ment of the movie or tv show that runs from one to five
minutes, for instance. Other clips may include two or more
non-contiguous segments that have been joined together to
create a single hook clip. In such cases, a video clip from
4:03-6:10 may be joined with another clip from 19:36-22:04
from the same movie or tv show. In some instances, video
clips may be joined to other clips out of order (that is, in a
different order from the original encoding). Thus, editors or
other users may have the freedom to join clips as desired to
create personalized hook clips that are designed for specific
users or specific types of users.

In some embodiments, the retriever 403 may not only
access video clips that have passed the filtering process but
may also be configured to access video clips that are
predicted to pass the filtering process. Such clips may not yet
have been analyzed and filtered by the pre-processing mod-
ule 402 but may be analyzed and predicted by the retriever
module 403 to pass the filtering process based on identified
similarities to other, existing video clips that have been
approved and used as hook clips. Those video clips that are
predicted to pass the filtering process may also be provided
to the video clip ranker 404 in addition to those clips that
have passed the initial filtering process.

The video clip ranker 404 may receive those video clips
from the retriever 403 that have either passed the filtering
process or have been predicted to pass the filtering process.
The ranker 404 may rank the received video clips based on
their likelihood to perform well at driving views to the media
item 401. As noted above, the video clip ranker 404 may,
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itself, be a machine learning model, an inferential model, a
deep learning model, a neural network, or other similar type
of model, or may have access to such a model running on a
different platform or computing system. These models may
include special-purpose processors, including machine
learning processors. An ML processor, for example, may be
a dedicated, special-purpose processor with logic and cir-
cuitry designed to perform machine learning. The ML
processor may work in tandem with a feedback implemen-
tation module to access data and use feedback to train an ML,
model. For instance, the ML processor may access one or
more different training data sets. The ML processor and/or
the feedback implementation module may use these training
data sets to iterate through positive and negative samples
and improve the ML model over time.

In some cases, the machine learning model may include
an inferential model. As used herein, the term “inferential
model” may refer to purely statistical models, purely
machine learning models, or any combination of statistical
and machine learning models. Such inferential models may
include neural networks such as recurrent neural networks or
fully connected neural networks (e.g., a multi-layer percep-
tron). In some embodiments, the recurrent neural network
may be a long short-term memory (LSTM) neural network.
Such recurrent neural networks are not limited to LSTM
neural networks and may have any other suitable architec-
ture. For example, in some embodiments, the neural network
may be a fully recurrent neural network, a gated recurrent
neural network, a recursive neural network, a Hopfield
neural network, an associative memory neural network, an
Elman neural network, a Jordan neural network, an echo
state neural network, a second order recurrent neural net-
work, and/or any other suitable type of recurrent neural
network. In other embodiments, neural networks that are not
recurrent neural networks may be used. For example, deep
neural networks, convolutional neural networks, and/or
feedforward neural networks, may be used. In some imple-
mentations, the inferential model may be an unsupervised
machine learning model, e.g., where previous data (on
which the inferential model was previously trained) is not
required.

At least some of the embodiments described herein may
include training a neural network to identify data dependen-
cies, identify which information from various data sources is
to be altered to lead to a desired outcome or how to alter the
information to lead to a desired outcome. In some embodi-
ments, the systems described herein may include a neural
network that is trained to identify how information is to be
altered using different types of data and associated data
dependencies. For example, the embodiments herein may
use a feedforward neural network. In some embodiments,
some or all of the neural network training may happen
offline. Additionally or alternatively, some of the training
may happen online. In some examples, offline development
may include feature and machine learning model develop-
ment, training, and/or test and evaluation.

Once the machine learning model has been trained, the
ML model may be used to identify which data is to be altered
and how that data is to be altered based on multiple different
data sets. In some embodiments, the machine learning model
that makes these determinations may be hosted on different
cloud-based distributed processors (e.g., ML processors)
configured to perform the identification in real time or
substantially in real time. Such cloud-based distributed
processors may be dynamically added, in real time, to the
process of identifying data alterations. These cloud-based
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distributed processors may work in tandem with a prediction
module to generate outcome predictions, according to the
various data inputs.

These predictions may identify potential outcomes that
would result from the identified data alterations. The pre-
dictions output by the prediction module may include asso-
ciated probabilities of occurrence for each prediction. The
prediction module may be part of a trained machine learning
model that may be implemented using the ML processor. In
some embodiments, various components of the machine
learning module may test the accuracy of the trained
machine learning model using, for example, proportion
estimation. This proportion estimation may result in feed-
back that, in turn, may be used by the feedback implemen-
tation module in a feedback loop to improve the ML model
and train the model with greater accuracy.

Thus, regardless of which type of machine learning or
other model is used, the VCLM algorithm (and, specifically,
the video clip ranker 404) may train using past usage data.
The past data, in this implementation, may include other
video clips that were taken from underlying media items and
used as video clips for those media items. The video clips
may then be provided in a streaming platform media selec-
tion Ul where users can select media items for streaming.
Indeed, the sampler 405 may construct a candidate set of
video clips that could potentially be used as hook clips for
an underlying media item. This candidate set of video clips
may then be edited by a human user or may be filtered by the
sampler 405 to include clips that are ranked sufficiently high,
based on the calculated video clip take fraction value, and
clips that are unlikely (or known not) to include sensitive
content.

In some cases, the pared-down set of candidate video clips
may then be prepared for use as hook clips in a multimedia
streaming interface. This preparation may include post-
processing by the post-processing module 406. The post-
processing may include making timecode adjustments to the
hook clip or performing other editing or touchups. These
candidate clips may then be used by the system’s recom-
mendation algorithm to surface the clips as hook clips for
live playback 407 to advertise the underlying media item. In
some embodiments, the system may then track how well
each of the video clips fared as hook clips by tracking how
many times the corresponding media items were selected
after viewing of the clips. The tracking may also note the
amount of time each media item was streamed and/or other
indicators of interest (e.g., likes or shares).

FIG. 5, for instance, illustrates an embodiment in which
a video clip take fraction value 502 is calculated for a media
item 501. When calculating the take fraction value 502, the
system may take into account how long the media item 501
was streamed (i.e., the duration of the stream). In some
cases, a “successful” stream may be one of at least a
minimum length (e.g., >15 minutes, >20 minutes, >30
minutes). In other cases, the minimum length may not be
used or may be smaller (e.g., >5 min.). In some cases, a
“successful” stream may be based on the proportion of the
media item that was watched (e.g., 20% of the duration of
the media title, 50% of the duration of the media title, 70%
of the duration of the media title, etc.). Those video clips that
had the highest number of successful streams may be
analyzed for patterns. These patterns may include colors,
shapes, objects, positions, actors, actresses, buildings, loca-
tions, settings, or any combination of elements or charac-
teristics that would lend that video clip to attract interest for
the underlying media item. The VCLM may then note these
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patterns and apply the patterns when analyzing video clips
from the retriever 403 for media item 401.

At least in some cases, the analysis may result in a
predicted video clip take fraction value 502 for each video
clip, indicating the predicted percentage of likely views per
number of impressions. As shown in FIG. 5, for instance, the
take fraction value 502 may represent the number of suc-
cessful streams divided by the number of impressions (e.g.,
the number of people that viewed the video clip 501). In the
example of FIG. 5, the number of successful streams (i.e.,
plays>15 minutes, in this case) is 10.5K and the number of
impressions is 1.8M. This results in a video clip take fraction
value 502 of 0.00583.

Returning to FIG. 4, the video clip ranker 404 may
calculate a video clip take fraction value for each video clip
and then rank the video clips from the highest take fraction
value to the lowest take fraction value. This determined take
fraction value for video clip 501 may be a prediction based
on patterns that are identified by an ML model. As noted
above, the number of successful streams may be replaced
with the number of likes, the number of shares, the number
of repeat viewings, or other indicators of interest in the
media item relative to the number of impressions.

After analyzing the video clips 404, the ranker may be
configured to rank the video clips based on their calculated
take fraction value. In FIG. 4, the video clips are ranked
from highest to lowest, with various predicted video clip
take fraction values (e.g., 0.9, 0.89, 0.75, 0.74, and 0.71).
The ranked video clips may then be provided to the post-
processing module 406 for editing or other changes prior to
publishing the hook clip online. At least in some cases, it
may be advantageous to have different video clips from the
same media item to present to different users. Thus, if a user
has shown a proclivity in the past to watch films with a
certain actor or actress, a video clip with that actor or actress
may be the best hook for that media item 401 for that
particular user. Other users may be attracted to different
aspects of media item 401.

In some cases, the sampler 405 may not only select those
video clips that have passed a sensitive content filter and
have a highly ranked take fraction, the sampler 405 may also
pass random video clips for live playback in the streaming
application. Adding occasional random video clips may help
to ensure that clips with a low estimated take fraction are, at
least at times, presented to users in the chance that they may
be better than other clips at enticing views of the underlying
media item.

In some cases, the VCLM algorithm may pass the ranked
and grouped video clips to one or more human designers
who can either accept or reject the video clips as hook clips.
The accepted video clips may be passed to the post-process-
ing module 406 for minor edits and/or final review, while
rejected video clips may be discarded, potentially along with
an indication of why the video clips were not used (e.g., the
video clip was not relevant or contained a spoiler about the
media item or contained sensitive content, etc.). The
accepted and rejected video clips may then be provided to a
feedback manager that notes the outcome of each video clip.
This information may be implemented by the feedback
manager to inform the VCLM algorithm, which can use the
video clip acceptances or rejections in its future pattern
matching analyses. Thus, the system may continually
improve over time and may achieve higher and higher take
fraction values for each newly identified video clip.

In some embodiments, the VCLM may be configured to
access an unprocessed video clip (e.g., 120 of FIG. 1) that
is associated with a new media item 126 that has not been
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processed by the trained ML model (e.g., the ranker 404 of
FIG. 4). The trained ML. model may be used to predict a take
fraction value 124 for the unprocessed video clip 120 to
indicate how well the unprocessed video clip will correlate
to user views of the new, unprocessed media item 126. In
such cases, when new movies or tv shows are generated and
released for public consumption, the VCLM may not know
which clips to use to advertise for the new movie or tv show.
The VCLM may determine, based on the ML model that was
trained by analyzing prior hook clips and associated media
items, which clips in the unprocessed video clip 120 are
likely to be good at attracting views (i.e., which video clips
have a sufficiently high predicted take fraction value).

Once these hook clips have been identified for the unpro-
cessed video clip 120, those hook clips may be implemented
to advertise the new media item 126. This usage as a hook
clip may be monitored and tracked, as feedback, to deter-
mine how well the unprocessed video clip 120 correlates to
views of the new media item 126. This feedback may, in
turn, be used to improve and update the ML model and may
influence the ML model when accessing future video clips
and predicting future video clip take fraction values. In at
least some embodiments, the ML model may change which
hook clips are shown with a specific media item based on the
incorporated feedback.

As shown in FIG. 6, various audio, video, or textual
characteristics may be used when comparing a video clip to
other, previously selected video clips. This process may
include implementing a comparison pipeline 661 within
computing architecture 600. The comparison pipeline 661
may ingest a media item 601 or video clip and may analyze
that media item for patterns or audio/video characteristics
that are present in a specific video clip and in one or more
previously selected video clips. In some cases, the compari-
son pipeline 661 may compare video characteristics 602 of
a specific clip to other, previously used clips. These video
characteristics 602 may include actors or actresses appearing
in the clips, locations, scenes, shots, or other characteristics.
For instance, as shown in FIG. 7, embodiment 700 illustrates
different video features 701 including video shot type 702.
Video shot type 702 lists different types of shots including
indoor shots, establishing shots (705), extreme closeups
(706), action shots (704), or other types of video shots. In
some cases, close captions 703 may indicate profanity or
other adult language that would likely prohibit the clip from
being used as a hook clip.

Additionally or alternatively, the comparison pipeline 661
may determine whether a specified video clip includes audio
characteristics 604 that are similar to other, previously used
hook clips. These audio characteristics 604 may include
indications of people talking, periods of silence, explosions,
car chases, gun fights, serene music, or other audio indica-
tors. Still further, the text characteristics 605 may include
metadata describing genre, actors, directors, time periods,
themes, A/V formats, close captions, or other information.
Any or all of this metadata information may be used by the
comparison pipeline 661 to compare and identify similar
video clips. Individual aggregators (e.g., 603A, 603B, 603C)
may be implemented to select video clips determined to be
similar on those individual bases (e.g., video, audio, text,
respectively). Those video clips may then be provided to a
centralized aggregator 606 and a classifier 607 that provides
indicators, identifiers, or classifications to the resulting hook
clips. These identifiers may then be used to determine which
hook clips are surfaced to specific users based on person-
alization algorithms.
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In some embodiments, video clips may be edited before
being published as hook clips. In some cases, this editing
may be minor, while in other cases, the editing may be more
involved, resulting in multiple changes. In such cases, edited
versions of the video clip may result in different video clip
take fraction values for the associated media item (as
opposed to a non-edited version of the video clip). In such
cases, the ML model may be configured to process the edited
versions of the video clip as separate video clips or separate
versions of the video clip that are each associated with that
media item. Any of these different versions may be surfaced
when a user shows interest in the media item. For some
edited video clips where the length of the clip has been
altered, one or more timecodes may be added to or removed
from the video clip to adjust the length of the video clip. In
cases where a media item has multiple corresponding video
clips, a personalized video clip that is chosen specifically for
that viewer (e.g., based on preferences or prior viewing
history, etc.) may be presented to the user to entice views of
the underlying media item. In this manner, personalized
hook clips that have been predicted to be successful may be
presented to users with greater success to entice those users
to view the underlying media item.

In addition to the computer-implemented method
described above, a corresponding system may be provided
that includes: at least one physical processor and physical
memory including computer-executable instructions that,
when executed by the physical processor, cause the physical
processor to: access at least one video clip associated with
a media item, compare the accessed video clip to one or
more previously selected video clips that have been used to
promote each clips’ corresponding media item, upon deter-
mining that the accessed video clip is sufficiently similar to
at least one specified video clip of the previously selected
video clips, access a take fraction value associated with the
specified video clip that indicates how well the specified
video clip has correlated to user views of the associated
media item, and based at least on the association between the
specified video clip and the take fraction value, train a
machine learning (ML) model to predict a video clip take
fraction value for the accessed video clip indicating how
well the accessed video clip will correlate to user views of
the media item.

Still further, in addition to the computer-implemented
method described above, a non-transitory computer-read-
able medium may be provided that includes computer-
executable instructions that, when executed by at least one
processor of a computing device, cause the computing
device to: access at least one video clip associated with a
media item, compare the accessed video clip to one or more
previously selected video clips that have been used to
promote each clips’ corresponding media item, upon deter-
mining that the accessed video clip is sufficiently similar to
at least one specified video clip of the previously selected
video clips, access a take fraction value associated with the
specified video clip that indicates how well the specified
video clip has correlated to user views of the associated
media item, and based at least on the association between the
specified video clip and the take fraction value, train a
machine learning (ML) model to predict a video clip take
fraction value for the accessed video clip indicating how
well the accessed video clip will correlate to user views of
the media item.

EXAMPLE EMBODIMENTS

Example 1. A computer-implemented method comprising:
accessing at least one video clip associated with a media
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item, comparing the accessed video clip to one or more
previously selected video clips that have been used to
promote each clips’ corresponding media item, upon deter-
mining that the accessed video clip is sufliciently similar to
at least one specified video clip of the previously selected
video clips, accessing a take fraction value associated with
the specified video clip that indicates how well the specified
video clip has correlated to user views of the associated
media item, and based at least on the association between the
specified video clip and the take fraction value, training a
machine learning (ML) model to predict a video clip take
fraction value for the accessed video clip indicating how
well the accessed video clip will correlate to user views of
the media item.

Example 2. The computer-implemented method of
Example 1, further including: accessing an unprocessed
video clip associated with a new media item that has not
been processed by the trained ML model, and implementing
the trained ML model to predict a take fraction value for the
unprocessed video clip to indicate how well the unprocessed
video clip will correlate to user views of the new, unpro-
cessed media item.

Example 3. The computer-implemented method of
Example 1 or Example 2, further including tracking, as
feedback, how well the unprocessed video clip correlated to
views of the associated media item and incorporating the
feedback in the ML model when accessing future video clips
and predicting future video clip take fraction values.

Example 4. The computer-implemented method of any of
Examples 1-3, further comprising changing a selected video
clip for at least one media item based on the incorporated
feedback.

Example 5. The computer-implemented method of any of
Examples 1-4, wherein comparing the accessed video clip to
one or more previously selected video clips includes iden-
tifying and matching patterns or audio/video characteristics
that are present in the accessed video clip and in the
previously selected video clips.

Example 6. The computer-implemented method of any of
Examples 1-5, further comprising filtering video clips that
are to be processed by the ML model to ensure that the video
clips are usable by the ML model.

Example 7. The computer-implemented method of any of
Examples 1-6, wherein the video clip take fraction value
indicates a percentage of views of the associated media item
relative to a number of impressions of the accessed video
clip.

Example 8. The computer-implemented method of any of
Examples 1-7, wherein the ML, model comprises a deep
learning model that is configured to analyze a plurality of
video clips and a corresponding plurality of video clip take
fraction values to indicate how well the plurality of video
clips correlates to views of the associated media items.

Example 9. The computer-implemented method of any of
Examples 1-8, further comprising ranking each of the plu-
rality of video clips based on the predicted video clip take
fraction values.

Example 10. The computer-implemented method of any
of Examples 1-9, wherein the video clip take fraction value
includes, as a factor, an amount of time spent watching the
media item.

Example 11. The computer-implemented method of any
of Examples 1-10, wherein the video clip take fraction value
includes, as a factor, a property associated with the media
item.

Example 12. The computer-implemented method of any
of Examples 1-11, wherein edited versions of the accessed
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video clip result in different video clip take fraction values
for the associated media item.

Example 13. The computer-implemented method of any
of Examples 1-12, wherein the ML model is configured to
process the edited versions of the accessed video clip as
separate video clips that are each associated with the media
item.

Example 14. A system comprising: at least one physical
processor; and physical memory comprising computer-ex-
ecutable instructions that, when executed by the physical
processor, cause the physical processor to: access at least
one video clip associated with a media item, compare the
accessed video clip to one or more previously selected video
clips that have been used to promote each clips’ correspond-
ing media item, upon determining that the accessed video
clip is sufficiently similar to at least one specified video clip
of the previously selected video clips, access a take fraction
value associated with the specified video clip that indicates
how well the specified video clip has correlated to user
views of the associated media item, and based at least on the
association between the specified video clip and the take
fraction value, train a machine learning (ML) model to
predict a video clip take fraction value for the accessed video
clip indicating how well the accessed video clip will corre-
late to user views of the media item.

Example 15. The system of Example 14, further compris-
ing adding one or more timecodes to the accessed video clip
to adjust the length of the video clip.

Example 16. The system of Example 14 or Example 15,
wherein the accessed video clip includes at least one or a
scene or a shot determined by respective scene boundaries or
shot boundaries.

Example 17. The system of any of Examples 14-16,
wherein the accessed media item has a plurality of corre-
sponding video clips, and wherein a personalized video clip
is presented to a user to entice views of the media item.

Example 18. The system of any of Examples 14-17,
wherein a plurality of video clips are stitched together to
provide a single, longer video clip.

Example 19. The system of any of Examples 14-18,
wherein a random video clip is selected over a highly ranked
video clip for presentation to a user.

Example 20. A non-transitory computer-readable medium
comprising one or more computer-executable instructions
that, when executed by at least one processor of a computing
device, cause the computing device to: access at least one
video clip associated with a media item, compare the
accessed video clip to one or more previously selected video
clips that have been used to promote each clips’ correspond-
ing media item, upon determining that the accessed video
clip is sufficiently similar to at least one specified video clip
of the previously selected video clips, access a take fraction
value associated with the specified video clip that indicates
how well the specified video clip has correlated to user
views of the associated media item, and based at least on the
association between the specified video clip and the take
fraction value, train a machine learning (ML) model to
predict a video clip take fraction value for the accessed video
clip indicating how well the accessed video clip will corre-
late to user views of the media item.

As detailed above, the computing devices and systems
described and/or illustrated herein broadly represent any
type or form of computing device or system capable of
executing computer-readable instructions, such as those
contained within the modules described herein. In their most
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basic configuration, these computing device(s) may each
include at least one memory device and at least one physical
processor.

In some examples, the term “memory device” generally
refers to any type or form of volatile or non-volatile storage
device or medium capable of storing data and/or computer-
readable instructions. In one example, a memory device may
store, load, and/or maintain one or more of the modules
described herein. Examples of memory devices include,
without limitation, Random Access Memory (RAM), Read
Only Memory (ROM), flash memory, Hard Disk Drives
(HDDs), Solid-State Drives (SSDs), optical disk drives,
caches, variations or combinations of one or more of the
same, or any other suitable storage memory.

In some examples, the term “physical processor” gener-
ally refers to any type or form of hardware-implemented
processing unit capable of interpreting and/or executing
computer-readable instructions. In one example, a physical
processor may access and/or modify one or more modules
stored in the above-described memory device. Examples of
physical processors include, without limitation, micropro-
cessors, microcontrollers, Central Processing Units (CPUs),
Field-Programmable Gate Arrays (FPGAs) that implement
softcore processors, Application-Specific Integrated Circuits
(ASICs), portions of one or more of the same, variations or
combinations of one or more of the same, or any other
suitable physical processor.

Although illustrated as separate elements, the modules
described and/or illustrated herein may represent portions of
a single module or application. In addition, in certain
embodiments one or more of these modules may represent
one or more software applications or programs that, when
executed by a computing device, may cause the computing
device to perform one or more tasks. For example, one or
more of the modules described and/or illustrated herein may
represent modules stored and configured to run on one or
more of the computing devices or systems described and/or
illustrated herein. One or more of these modules may also
represent all or portions of one or more special-purpose
computers configured to perform one or more tasks.

In addition, one or more of the modules described herein
may transform data, physical devices, and/or representations
of physical devices from one form to another. Additionally
or alternatively, one or more of the modules recited herein
may transform a processor, volatile memory, non-volatile
memory, and/or any other portion of a physical computing
device from one form to another by executing on the
computing device, storing data on the computing device,
and/or otherwise interacting with the computing device.

In some embodiments, the term “computer-readable
medium” generally refers to any form of device, carrier, or
medium capable of storing or carrying computer-readable
instructions. Examples of computer-readable media include,
without limitation, transmission-type media, such as carrier
waves, and non-transitory-type media, such as magnetic-
storage media (e.g., hard disk drives, tape drives, and floppy
disks), optical-storage media (e.g., Compact Disks (CDs),
Digital Video Disks (DVDs), and BLU-RAY disks), elec-
tronic-storage media (e.g., solid-state drives and flash
media), and other distribution systems.

The process parameters and sequence of the steps
described and/or illustrated herein are given by way of
example only and can be varied as desired. For example,
while the steps illustrated and/or described herein may be
shown or discussed in a particular order, these steps do not
necessarily need to be performed in the order illustrated or
discussed. The various exemplary methods described and/or
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illustrated herein may also omit one or more of the steps
described or illustrated herein or include additional steps in
addition to those disclosed.

The preceding description has been provided to enable
others skilled in the art to best utilize various aspects of the
exemplary embodiments disclosed herein. This exemplary
description is not intended to be exhaustive or to be limited
to any precise form disclosed. Many modifications and
variations are possible without departing from the spirit and
scope of the present disclosure. The embodiments disclosed
herein should be considered in all respects illustrative and
not restrictive. Reference should be made to the appended
claims and their equivalents in determining the scope of the
present disclosure.

Unless otherwise noted, the terms “connected to” and
“coupled to” (and their derivatives), as used in the specifi-
cation and claims, are to be construed as permitting both
direct and indirect (i.e., via other elements or components)
connection. In addition, the terms “a” or “an,” as used in the
specification and claims, are to be construed as meaning “at
least one of.” Finally, for ease of use, the terms “including”
and “having” (and their derivatives), as used in the specifi-
cation and claims, are interchangeable with and have the
same meaning as the word “comprising.”

What is claimed is:

1. A computer-implemented method comprising:

accessing at least one video clip associated with a media

item;

comparing the accessed video clip to one or more previ-

ously selected video clips that have been used to
promote each clips’ corresponding media item;
upon determining that the accessed video clip is suffi-
ciently similar to at least one specified video clip of the
previously selected video clips, accessing a take frac-
tion value associated with the specified video clip that
indicates how well the specified video clip has corre-
lated to user views of the associated media item; and

based at least on the association between the specified
video clip and the take fraction value, training a
machine learning (ML) model to predict a video clip
take fraction value for the accessed video clip indicat-
ing how well the accessed video clip will correlate to
user views of the media item.

2. The computer-implemented method of claim 1, further
comprising:

accessing an unprocessed video clip associated with a

new media item that has not been processed by the
trained ML model; and

implementing the trained ML model to predict a take

fraction value for the unprocessed video clip to indicate
how well the unprocessed video clip will correlate to
user views of the new, unprocessed media item.

3. The computer-implemented method of claim 2, further
comprising:

tracking, as feedback, how well the unprocessed video

clip correlated to views of the associated media item;
and

incorporating the feedback in the ML, model when access-

ing future video clips and predicting future video clip
take fraction values.

4. The computer-implemented method of claim 3, further
comprising changing a selected video clip for at least one
media item based on the incorporated feedback.

5. The computer-implemented method of claim 1,
wherein comparing the accessed video clip to one or more
previously selected video clips includes identifying and
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matching patterns or audio/video characteristics that are
present in the accessed video clip and in the previously
selected video clips.

6. The computer-implemented method of claim 1, further
comprising filtering video clips that are to be processed by
the ML model to ensure that the video clips are usable by the
ML model.

7. The computer-implemented method of claim 1,
wherein the video clip take fraction value indicates a per-
centage of views of the associated media item relative to a
number of impressions of the accessed video clip.

8. The computer-implemented method of claim 1,
wherein the ML model comprises a deep learning model that
is configured to analyze a plurality of video clips and a
corresponding plurality of video clip take fraction values to
indicate how well the plurality of video clips correlates to
views of the associated media items.

9. The computer-implemented method of claim 8, further
comprising ranking each of the plurality of video clips based
on the predicted video clip take fraction values.

10. The computer-implemented method of claim 1,
wherein the video clip take fraction value includes, as a
factor, an amount of time spent watching the media item.

11. The computer-implemented method of claim 1,
wherein the video clip take fraction value includes, as a
factor, a property associated with the media item.

12. The computer-implemented method of claim 1,
wherein edited versions of the accessed video clip result in
different video clip take fraction values for the associated
media item.

13. The computer-implemented method of claim 12,
wherein the ML model is configured to process the edited
versions of the accessed video clip as separate video clips
that are each associated with the media item.

14. A system comprising:

at least one physical processor; and

physical memory comprising computer-executable

instructions that, when executed by the physical pro-

cessor, cause the physical processor to:

access at least one video clip associated with a media
item;

compare the accessed video clip to one or more previ-
ously selected video clips that have been used to
promote each clips’ corresponding media item;

upon determining that the accessed video clip is suffi-
ciently similar to at least one specified video clip of
the previously selected video clips, access a take
fraction value associated with the specified video
clip that indicates how well the specified video clip
has correlated to user views of the associated media
item; and

based at least on the association between the specified
video clip and the take fraction value, train a
machine learning (ML) model to predict a video clip
take fraction value for the accessed video clip indi-
cating how well the accessed video clip will correlate
to user views of the media item.

15. The system of claim 14, further comprising adding
one or more timecodes to the accessed video clip to adjust
the length of the video clip.

16. The system of claim 14, wherein the accessed video
clip includes at least one or a scene or a shot determined by
respective scene boundaries or shot boundaries.

17. The system of claim 14, wherein the accessed media
item has a plurality of corresponding video clips, and
wherein a personalized video clip is presented to a user to
entice views of the media item.
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18. The system of claim 14, wherein a plurality of video
clips are stitched together to provide a single, longer video
clip.

19. The system of claim 14, wherein a random video clip
is selected over a highly ranked video clip for presentation
to a user.

20. A non-transitory computer-readable medium compris-
ing one or more computer-executable instructions that, when
executed by at least one processor of a computing device,
cause the computing device to:

access at least one video clip associated with a media

item;

compare the accessed video clip to one or more previ-

ously selected video clips that have been used to
promote each clips’ corresponding media item;
upon determining that the accessed video clip is suffi-
ciently similar to at least one specified video clip of the
previously selected video clips, access a take fraction
value associated with the specified video clip that
indicates how well the specified video clip has corre-
lated to user views of the associated media item; and

based at least on the association between the specified
video clip and the take fraction value, train a machine
learning (ML) model to predict a video clip take
fraction value for the accessed video clip indicating
how well the accessed video clip will correlate to user
views of the media item.

* * * * *
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