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Paper

Optimization of mid-roll advertisement placement in video content based
on contextual analysis of multimodal data

Tomoki Haruyamat, Syunsuke Tsukatanit and Takuya Kitadet

Abstract: Video content delivered via video streaming services often includes mid-roll ads, a type of video advertising. While mid-roll ads are highly
effective, they can disrupt the viewing experience of the video content and cause viewers to feel annoyed. To address this issue, methods have been
proposed to optimize the placement of mid-roll ads by utilizing viewer information acquired by sensors attached to smartphones and by focusing on the
distribution and changes of objects appearing in the video. However, obtaining sensor information is difficult in practice due to privacy and device
constraints. Furthermore, focusing solely on the distribution and changes of objects appearing in the video does not provide a global understanding of the
video context, and these methods are unable to be applied to long videos or take audio information into account. Therefore, in this study, we propose a
method to automatically determine the placement of mid-roll ads without using non-visual information such as sensor information. By utilizing only
multimodal data acquired from the video, we consider the video context using Transformer , and analyze audio information, we propose a method to

automatically determine the placement of mid-roll ads without disrupting the viewing experience. Finally, through subject experiments, we confirmed that

the proposed method can accurately determine ad positions that do not disrupt the viewing experience.
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1. Introduction

In 2019, Japan's internet advertising market surpassed television
advertising in terms of advertising expenditures and has continued to grow
ever since. This growth is largely due to the widespread use of smartphones
and advances in high-speed communication technology, making internet
advertising an increasingly important part of consumers' daily lives. 1)
Internet advertising comes in a variety of forms, including banner ads,
listing ads, and video ads. The market for mid-roll ads, which are video ads
inserted into video content on video streaming services, has experienced
particularly remarkable growth. This expansion trend is predicted to
continue, with the overall video advertising market expected to exceed 1
trillion yen by 2027. 2) Given this background, academic research has

focused on mid-roll ads, with active research focused on two key
themes: "video characteristics that enhance advertising effectiveness" and
"distribution methods that maximize the effect on purchasing behavior."
3)-7) The former approach aims to enhance advertising effectiveness

through visual and content appeal .
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While the latter deals with the design of distribution strategies that focus
on how viewers perceive mid-roll ads and how they affect their subsequent
behavior, this study focuses on the latter and aims to determine the
insertion position of mid-roll ads that is effective for advertisers without
disrupting the viewing experience. Reference [4] points out that mid-roll
ads disrupt the viewing experience of video

content and cause viewers to feel aversion. Furthermore, it suggests
that the insertion position of mid-roll ads, which is less likely to cause
viewers to feel aversion, is where the context of the video is interrupted.
Reference [5] also reports that when viewers feel aversion to mid-roll ads,
their desire to purchase the introduced product or service tends to
decrease. Therefore, inserting mid-roll ads at appropriate positions that do
not interrupt the viewing of video content is effective in increasing viewers'
desire to purchase. From the above, it can be considered that inserting mid-
roll ads in a position that does not impair the viewer's viewing experience

is beneficial for both viewers and advertisers.

On the other hand, in recent years, a huge amount of video content is
being published on the Internet every day, so it is no longer possible to

manually determine the insertion positions of mid-roll ads for all of these videos.
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Therefore, in many cases, a method is adopted in which the insertion position
is determined at regular intervals according to the length of the video content.
4) However, with such a method, mid-roll advertisements are inserted in
scenes where the context of the video is not interrupted, such as during

tense scenes or conversations, which often leads to complaints from viewers.

Therefore, when inserting mid-roll advertisements into video content, a
method is required to automatically determine the position of advertisements

so as not to impair the viewer's viewing experience.

Methods that utilize sensor information [6] and methods that focus on the
distribution and changes of objects in a video [7] have been proposed. In [6] ,
an accelerometer is used to measure changes in the viewer's posture and
the optimal ad placement for the viewer is determined based on the
measurement results. In [7] , object detection is applied to every frame of
video content to estimate not only the objects and their distribution but also
their time-series changes. Based on the estimation results, the optimal ad
placement is determined to be a point where the number of objects and
object classes do not change rapidly. However, acquiring sensor information
as in [6] is difficult in practice due to privacy and device constraints, making
it unrealistic for practical applications. In addition, while [7] focuses on the
distribution and changes of objects in a video, it is unable to grasp the global
context of the video, and it is not possible to apply it to long videos such as

movies and dramas, or to consider audio information.

Therefore, this study proposes a method to automatically determine mid-roll ad
insertion positions that do not disrupt the viewer's experience. This is achieved
by utilizing only multimodal data extracted from video—without employing non-
visual information such as sensor data—while considering the video's context
and analyzing audio information. Specifically, we assume positions where the
video context naturally breaks as scene boundaries. By analyzing the video
based on a Transformer®), we extract scene boundaries that consider the
video context. Here, the Transformer addresses a limitation of Recurrent
Neural Networks (RNNs)? and Long Short-Term Memory (LSTMs)*—
representative techniques in natural language processing—where information
degradation often occurs when analyzing long-range dependencies between
tokens due to their recursive structure. By utilizing a self-attention mechanism,
the Transformer enables comprehensive and efficient capture of dependencies
between tokens. This characteristic enables analysis with minimal degradation
even for long token sequences. Furthermore, the Transformer's design
supports parallel computation, making it highly efficient at processing lengthy
token sequences. In recent years, due to these properties, the Transformer
has seen increasing application beyond natural language processing into fields
such as image analysis and video analysis. In natural language processing,
words within sentences were treated as tokens. However, by treating each
patch resulting from image patch segmentation or the frames themselves as
tokens, it becomes possible to consider the context of moving images.
Therefore, utilizing Transformers is expected to enable video analysis that

captures the global context of long-duration videos.

Furthermore, inserting advertisements where conversation or narration is
taking place may cause viewers to feel annoyed. Therefore, in this study,
we extract and analyze audio data from videos to extract sections
containing conversation or narration (hereafter referred to as conversation
sections). Ultimately, we

identify candidate points for inserting mid-roll advertisements at scene

boundaries that do not correspond to conversation sections. This allows us

to determine the insertion positions of mid-roll advertisements so as not to

disrupt the viewer's video viewing experience. In our experiments, we

evaluate the effectiveness of the proposed method through subject

experiments and analyze the impact of the proposed method on the viewing experience.
In Section 2, we explain the proposed method.

We will now explain the experiments, and finally conclude in Section 4 .

2. Proposed method

In this study, we propose a method to automatically determine the insertion
position of mid-roll advertisements that does not disrupt the viewer's viewing
experience by utilizing only multimodal data obtained from the video, without
using information other than the video, such as sensor information, and by
analyzing audio information in addition to considering the video context. An
overview of the proposed method is shown in Figure 1. In the proposed method,
scene boundaries are defined as positions where the video context naturally
stops, and scene boundaries are extracted using TranS4mer11 ), a video
analysis method based on Transformer10). Furthermore, conversation segments
are extracted using inSpeechSegmenter18) , a speech recognition method.
Finally, points that are scene boundaries but do not correspond to conversation
segments are set as candidate points for mid-roll advertisement insertion positions.

In Section 2.1, we explain how to extract scene boundaries, and in
Section 2.2, we explain how to extract dialogue. Finally, in Section 2.3 , we
explain how to determine candidate points for inserting mid-roll advertisements.
2.1 Extracting

Scene Boundaries In this study,

to take into account the context of long videos, we extract scene
boundaries using TranS4mer11 ) , a method that applies Transformer10) to
video analysis . Before explaining the method in detail, we first define the
erms frame, shot , scene, shot boundary , and scene boundary, as shown
in Figure 2. Here, a shot is defined as a series of frames, and frames within
a shot are assumed to be shot uninterrupted from the same camera position.
Next, a series of shots constitutes a scene, and a scene is defined as a unit
of context in video content, i.e., a story. A shot boundary is defined as the
last frame of a shot at the moment when the shot ends and the next shot

begins.
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Figure 1. Overview of the proposed method
It is defined as the last frame of the last shot of a scene at the moment Movie
when the scene ends and the next scene begins. ‘ —_— pa— A
2.1.1 Shot boundary extraction using TransNet V2 Shot Shot
In this study, first, as preprocessing, we perform the following steps on the input video: m ) o2 ﬁ e A - e
By applying TransNet V212, shot boundaries are extracted. Frame Frame Frame Frame Frame Frame
TransNet V2 is an improved version of TransNet13), which has Shot Boundary Sig‘:}g;ﬁ?::ﬂfy

a structure that processes data using a Deep Convolutional
Neural Network14) , incorporating batch normalization to
stabilize gradients and add noise during learning. It also
combines skip connections and average pooling to reduce
dimensions, thereby speeding up

calculations. Specifically, each frame of the input video is processed by TransNet.
By inputting the data into V2 , feature values are extracted. Furthermore,
the feature values of adjacent frames are compared to calculate
similarity. Cosine similarity and RGB color histograms are used to
calculate similarity. Furthermore, based on the change in similarity
between the frame in question and the k frames before and after it, a
total of 2k + 1 frames, the frame is classified as being a shot boundary
or not. In doing so, the probability that the frame in question is a shot
boundary is output, and if this exceeds a pre-set threshold y , the frame

in question is extracted as a shot boundary.

2.1.2 Scene boundary extraction using TranS4mer

In this study, we define Vi = {siym, ..., si, si+m} as a set of N

(= 2m + 1) consecutive shots extracted in Section 2.1.1.

Figure 2 Definitions of Frame, Shot, Scene, Shot
Boundary, and Scene Boundary in the proposed
method

The input frames are input to TranS4mer, which predicts whether shot
si is a scene boundary. Here, shot si being a scene boundary means
that the last frame of shot si is the last frame of a scene, and a new
scene begins from the next frame, as defined in Section 2.1. Also, Vi §
RNxKx3xHxW is composed of K frames extracted evenly from each
of N consecutive shots . H and W represent the height and width of the
frame. Here, the input frames are divided into P non-overlapping
patches of size pxp according to the Vision Transformer15) , where P
= HW/p2 . Next, each patch is input to a linear layer to convert it into a
D -dimensional vector ( Linear Projection in Figure 1 ). Position

information is also added to each patch ( Linear Projection in Figure 1) .
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Finally , a tensor Vi § RN xKxP xD is obtained, which is input to the
TranS4mer model. / 69 \
= GS4
=]
The TranS4mer model consists of B layers of S4A Blocks . As shown in g ( LtN
Figure 3, the S4A Blocks are divided into Intra-Shot Modules , which can E ya
{72]
\L/
express short-distance dependencies between shots , and Inter-Shot é
=
Modules , which can express long-distance temporal dependencies between shots. | — ( M‘}‘P )
By stacking S4A Blocks with the same structure in Layer B and processing C LN ) /
the output of the previous block as the input for the next block in a &ué:t_-l é |—_Llé|:‘:l e =4
stepwise manner, it is possible to obtain features with high expressive / () A / \; ) A
ower that capture short- and long-distance temporal dependencies.
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As described above, by expressing short- and long-distance temporal = —
donend o X 4 rom lona video with = LN Shared | ( LN )
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The Intra-Shot Module takes as input Vi y RNxKxP xD , a collection =1 4 M{-‘P ) ( MLP )
of N shots . Here, each shot is represented by xL , where x is a frame, ( LN ) ( LN J

perceptron and xi ¥ RD, Si y x1, ..., L = K x P. Next, a multi-layer
(MLP) and residual connections are applied. After that, Multihead-Self-
Attention (MSA) is applied. Note that a normalization layer, Layer
Normalization (LN), is applied immediately before the MLP and MSA .

The above can be formulated as follows:

x = MLP(LN(xin)) + xin xout =

MSA(LN(x )) + x @
As a result, the Intra-Shot Module makes it possible to express short-
distance dependencies.

Next, the output V of the Intra-Shot Module; ¥ RNxKxP xD
is input to the Inter-Shot Module . The Inter-Shot Module uses
the Intra-Shot
Allows long-distance dependencies to be expressed for modules
Gated S4 (GS4)16) will be introduced. Specifically, first, Intra-
Tensor V input from the Shot Module | is expanded to
z1, ..., zL, where ziy RD and L = N x K x P. Next, a multilayer perceptron
(MLP) and residual connection are applied, and then GS4 is applied.
Note that LN is applied immediately before the MLP and GS4 . The

above can be formulated as follows:

z = MLP(LN(zin)) + zin zout
= GS4(LN(z)) + z

Finally, zout is input to the next S4A . Compared to the Intra-Shot
Module , whose sequence length is L = K x P , the Inter-Shot Module ,
whose sequence length is L = N x K x P, is able to express long-distance
dependencies. 2.1.3 Training method and loss function

This section explains the training

method and loss function of TranS4mer. Training of TranS4mer is
performed in two stages: pre-training and incremental training, following

the reference [11] .

Shot 1

p

S4A Block

Figure 3 S4A Block structure

Pre-

training: The purpose of pre-training in TranS4mer is to learn
the temporal features of the entire video. Self-supervised
learning using pseudo-labels indicating whether a shot is a
scene boundary is performed using two loss functions: Shot-
Scene Contrastive Loss (SSCL) and Pseudo-Boundary Prediction
Loss (PBPL) . Here, a shot being a scene boundary means that
the last frame of a shot is the last frame of a scene, and a new
scene begins from the next frame, as defined in Section 2.1.
Below, we will explain SSCL and PBPL in detail. SSCL is based
on the idea that shots in the same scene should have similar
features,

and shots in different scenes should have dissimilar features,

and is expressed as follows:

S(r, r)
S(r, ry*yrn S(rn, ry+yrn S(r, rn)+(3)

IC (r, r) = ylog

Here, the set of input shots Vi = {siym, ..., si, ..., si+tm} is divided into two
pseudo scenes VL = {siym, ..., siy } and VR = {siy+1, ..., si+m} based on
Dynamic Time Warping17) . A pseudo label of shot boundary is assigned
to siy according to the definition in Section 2.1, and other shots are
assigned pseudo labels that are not shot boundaries. In addition , in
equation (3), ris a representation vector obtained by applying a linear
transformation to the token placed at the beginning of a sequence of a

certain shot (hereafter referred to as CLS token). Note that r is
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It is the representation vector of the scene (VL or VR) that the shot
belongs to , and the vector of all shots included in that scene.

It is calculated by averaging the CLS tokens. Also, rn is the representation vector
of a shot other than the shot, and rn is the repr;sentation vector of a scene other
than the scene, meaning that they are negative samples. Finally, the similarity
between shots is calculated as S(x, y) = exp((xy)/(xy)) , and SSCL is summarized

by the formula LC = IC (riym, rL) + IC (ri+m, rR) .

Next, PBPL is a loss function for predicting pseudo-labels and is

expressed as follows using cross-entropy error:

LB = ylog(yb(riy )) ¥ log(1 ¥ yb(rb)) ~ (4)

Here, ri* is the CLS token of shot si* that has been pseudo-labeled as

a scene boundary , and rb is the CLS token of shot sb that has been

randomly selected and pseudo-labeled as a non-scene boundary . yb

isTa function that outputs the probability that the shot is a scene
boundary. Finally, the loss function LP in pre-

In Section 3.2 , we explain the experimental setup. Finally, in
Section 3.3 , we present and discuss the experimental results.

3.1 Dataset

In this section , we explain the dataset used in the experiment .

We use MovieNet20) . MovieNet is a large-scale dataset
containing 1,100 dramas and movies, each of which is
labeled with scene boundary points. Following Section 2,
we pre-train TranS4mer using the 1,100 videos and pseudo-
labels in a self-supervised learning framework. We also
perform additional training using 318 videos and the labels
assigned to the dataset in a supervised learning framework.

3.2 Experimental

Settings In this section, we explain the hyperparameters,
experimental method, and comparison method as experimental
settings. First, we explain the hyperparameters .
For the extraction of the image, k = 50 is used, referencing 101
frames before and after each frame , and y = 0.5. The number of

elements in the set of shots input to TranS4mer is N = 25 , following

training is a function that outputs the probability that the shot is a scene bojtridarffurthermore, the number of frames extracted from each shot

Adding up the PBPLs gives the following:

LP=LC+LB

®)

Additional leaming
After pre-training in a self-supervised learning framework,

The model is trained using ground truth data with shot labels that

represent scene boundaries. The loss function uses the cross-

entropy error, as in equation (4) described in pre-training.

2.2 Extraction of

Conversational Portions In this study, we use
inaSpeechSegmenter18) to extract conversational portions.
Specifically, audio data from video content is extracted using a
sliding window method with a window width Q [ms] and a shift size
T [ms] . Next, acoustic features are obtained by calculating the Mel-
Frequency Cepstral Coefficient (MFCC) . These acoustic features
are then input into a Convolutional Neural Network (CNN)19) to
extract silence, conversation, and music portions. 2.3 Determining

Candidate Points for Mid-Roll Ad Insertion Positions The

purpose of this study is to optimize the insertion position of mid-
roll advertisements so as not to disrupt the viewer's viewing
experience in video streaming services. Therefore, we select as

candidate points for mid-roll advertisement insertion positions those

is K =3, extracting three frames: the first, middle, and last frame

of the shot . The video frames are resized to H = 224 and W = 224.
Patch division is performed with a size of p = 32, and the linear
layer converts to D = 384 dimensions, with B = 12 S4A blocks . The
batch size for pre-training and additional training is 256. The model
is trained with a learning rate of 0.3 for 10 epochs during pre-training
and a learning rate of 10 epochs during additional training . The
optimization algorithm uses momentum of & 20 epochs as

0.9 and weight decay of 10 epochs . Finally, in inaSpeechSegmenter,
processing was performed with a window 6 Adam21)

width of Q = 25 [ms] and a shift size of T = 10 [ms] . Training and
inference in this experiment were performed using a single Amazon
Web Services (AWS) EC2 g4dn.4xlarge instance . Next, we explain
the comparison methods used to verify the effectiveness of the
proposed method.

Specifically, we use the following three comparison methods
(CM1-3) . CM1: A method in which the video is divided equally into
three parts and the division points

are used as ad insertion positions. CM2: A method in which the
video editor manually

determines ad insertion positions. CM3: The proposed method
does

not consider audio information. The following explains the

that are scene boundaries extracted in Section 2.1 but do not correspond todkparimeeataatiastabpoticihdsestyantettin Sestiamdutted a subject

3. Experiment

In this section, we explain the experiments to verify the effectiveness of the proposed
method. In these experiments, we conduct subject experiments using actual drama

footage. In the following, in Section 3.1, we will explain the data used in these experiments.

experiment to verify the effectiveness of the proposed method.
First, we determined ad insertion positions for eight dramas (videos
A-H) actually distributed on a video streaming service using the
proposed method (PM) and CM1-3 . Here, one video is about 50

minutes long, equivalent to one episode of a drama .
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Two ad insertion points are determined using this method . The number of ad
insertion points is set to match the actual video distribution service. In this case, the
proposed method selects two ad insertion points that are more than 10 minutes
apart from the final extracted candidate points, in order of the highest probability of
being a scene boundary output by TranS4mer in Section 2.1.2 . The subjects then
perform the following two evaluations of the ad positions in each video. Evaluation
1: Was this ad position in a position that did not interfere with your viewing

experience when viewing the video?

Rating 2: This ad position is in the context of the video.
| guess it was a dividing line between us.
Each evaluation was done on a three- point scale: "1 Not," "2 Neither," or "3 Yes,"
with a higher number indicating a better evaluation. The subjects in this experiment

were 15 people, 3 women and 12 men , aged 2649 .

Finally, we measure the processing time when applying the proposed method to
videos A-H on an AWS EC2 g4dn.4xlarge instance . By comparing the results with
the time and cost required to manually determine the ad insertion positions, we

consider the feasibility of applying the proposed method to practical applications.

3.3 Experimental

Results This section shows the results of the subject experiments. Tables 1 and
2 show the average evaluation results of CM1-3 and PM for Evaluation 1 and
Evaluation 2. First, the average evaluation results for PM were the highest for both
Evaluation 1 and Evaluation 2 .
The effectiveness of the proposed method was confirmed by these results.
Furthermore, the accuracy of CM3 was comparable to that of CM2 , confirming the
effectiveness of considering video context based on Transformer. Furthermore , the
accuracy of PM exceeded that of CM3 , confirming the effectiveness of considering
audio information. Specifically , CM3 occasionally determined ad insertion locations
in scenes where the visual scene changed but where narration or character
conversation continued. On the other hand, PM, which includes a process to exclude
such conversational parts from ad insertion locations (Section 2.3 ), suggests that it
was possible to determine ad insertion locations that do not disrupt the viewer's
viewing experience. Furthermore , the accuracy of PM surpassed that of CM2 , a
method in which video editors manually determine ad insertion locations . This is
because PM can objectively and consistently analyze scene development and audio
information, whereas video editors' judgments depend on experience and intuition
and may be influenced by subjectivity and bias. In addition, for video F , the

evaluation results for CM2 were

It was confirmed that this was significantly higher than that of PM and CM3 . This is
thought to be because video F contained many flashback scenes. In CM3, the ad
insertion position is determined to be the scene where the scene changes visually,
while in PM, the ad insertion position is determined to be the part where no
conversation occurs. Therefore, there were cases where the moment of transition to

a flashback scene was also determined to be the ad insertion position.

In flashback scenes, it is important to have a narrative connection with the scenes
before and after. Therefore, in order not to disrupt the viewer's viewing experience,
it is desirable not to judge such transitions to flashback scenes as ad insertion
positions. To deal with such cases, it is necessary to consider the video context in
more detail in the future, such as by evaluating the relevance of scenes by analyzing

the content of conversations in the video content.

Table 3 also shows the correlation coefficient between the evaluation results of
Evaluation 1 and Evaluation 2. Table 3 confirms that there is a high correlation

between Evaluation 1 and Evaluation 2. This confirms the assumption that the ad

position that does not disrupt the viewing experience is the break between scenes in the video.

It was suggested that this is

Finally, we consider the feasibility of the proposed method for practical use. Table

4 shows the video durations of videos A-H and the processing time required for
inference in the experimental environment. Table 4 shows that the processing time
for each video was approximately half the video duration. This suggests that the
proposed method can determine ad insertion positions faster than manually
determining ad insertion positions by actually watching the video. Furthermore, the
hourly on-demand cost of an AWS EC2 g4dn.4xlarge instance in the Asia Pacific
(Tokyo) region is $ 1.204 ( as of April 2025) * , which is less than typical labor costs.
Note that when building a system using AWS in this use case, the cost of the EC2
instance dominates, so other costs can be ignored. From the above, we conclude
that the proposed method is feasible for practical use because it is believed to

determine ad insertion positions faster and more inexpensively than manual methods.

Table 1. Average evaluation results for CM1-3 and PM for Evaluation 1 .
CM1 CM2 CM3 PM
BhE A | 1.20 2.10 2.00 2.20
Bl B | 1.67 2.23 2.13 2.67
Bl C | 1.33 2.77 2.33  2.67
Bif D | 1.37 2.87 2.67 3.00
BEE | 1.13 2.77 244 2.73
Bl F | 1.17 2.70 1.77 2.30
$E G| 1.50 1.73 2.10 2.50
Bl H | 1.40 1.77 1.17 1.93
¥y | 1.35 237 2.08 2.50

Table 2. Average evaluation results for CM1-3 and PM for Evaluation 2 .
CM1 CM2 CM3 PM
BiE A | 1.13 2.10 1.90 2.40
Bl B | 1.57 2.30 2.27 2.67
il C | 1.27 2.83 2.40 2.83
Bl D | 1.13 297 2.70 3.00
BE E | 1.03 2.90 2.67 2.93
il F | 1.03 2.80 2.27 2.27
#E G| 1.50 1.77 1.77 2.70
BE H | 1.27 190 1.77 1.93
Eg | 1.24 245 222 2.59

" https://aws.amazon.com/jp/ec2/pricing/on-demand/

Copyrights to Machine-Translated Content
The copyright of the original papers published on this website belongs to the Institute of Image Information and Television Engineers.
Unauthorized use of original papers or translated papers is prohibited. Please be sure to cite the original publication when referencing.
For details, please refer to the copyright regulations of the Institute of Image Information and Television Engineers.



DFET2 0T DLAEWAREIRET 5. kB, LEFHA
FOBIEROMGEES — L RACALETHRELE. &
O, BEFRICBVTIE, BRI INBEHEED
55, 2.1.2 fiT TranS4mer 12 X D &3 > — VR
THIHERPEVD DA HIEIZ, ZRZENAH 10 7L HEEh
BEk5 122 oliT 3. 22T, #EEIZ, Thrhom
BIZBF BILEMEICH LT, TiLd 2 DDiHiizIT>.

Ml L . CoOLREMEER, AFEEHEES S ETH

7372 DFBERER % 15 F 7 WLE T B o T2 he.

Ml 2«  ZOREMER, AEEICET SRS R

bEDRXYI DT o T\,
ZNFNOFHIE, “1 25 TRV, 255 THRN,
“3Z5THB” D 3EFETITV, BUEDE W DRI R
WIrERT. 2B, AERCBIZHBREI 15 4TH
D, 3%, BEI124, FRMIZ20649KTH 5.
&2, AWS EC2 @ gddn.4xlarge 4 ¥ AR ¥ ZIZBW
T, B A-H 1ot UTIREFIEZEA L 7256 O LR
MZEtHs 2. ZOMReFHTLEHRAMBLZIRET %
LA RSB KT 2 2 2T, REFEEE
Ft3 2 ETOZYHEICOVTEERITS.

3.3 KERER

AREITIE, PREFEBROMELRT. R1BIUE21Z,
P 1 B X ORI 2 13 5 CM1-3 B8 X U PM ORI
HoVHEERT. £3, PMIZEBIT 2 iHliEE RO FE
PEHM 1 B8 X FHT 2 oW T hicBWTh R EWI e d
5, MEFLROAMENIHEEI Nz, £z, CM3 DIEED
CM2 O ZFFUTPER L TW5 Z & 25, Transformer (25D
MR THRDEEZITS & DM RNz X5
12, PM ORBEN CM3 DZzh% ERloTW2Zehb, B
FIEROERBEZITS Z L OFMMENITER X Nz, BRI
X, CM3 T, HEMEZS - BEHLIIGETH S
HDODF L= a YRBEHAYORIEI TV BIGHE %
IRERAME ERET 27 — AR EN=. —/5T, PM
T, 2.3 HICBVTED & 5 BRREEED & LS ANLE D
LRIV NI E N D 20, HIEE OHBEIARER % 4515
BROIREHANEORENFER L7 Z e g Ihd. ¥
7z, PM O E DGR S HF8) C L5 ANLE & RE
T2FETH 2 CM2 DFEEZR EFl>TW3 DIk, PM 23
V- VEMSERER: ZEBN»rO—H L TR T2 2 L
MTEZ7HTHD, THITH L THRIRES OHIWHIIE
B BEIRAE L, BN 7 AR L IZ 3 rTRENE
BHZNHEeEERTS. 2B, BIEFIZBWTIE, M1
B X CEHT 2 WFHOBEITBEWT S CM2 O FHffifs SR A
PM = CM3 0 ZFnE K& L EAoTW5E Z e BHERIN
722U, B FIZREREY - RZLEER TV
EDREETHZ e EZ NS, CM3 TIEIHHENICY — >
MUY BD 2 GH %, PM TldZ D ETRIENFEE L2
oy % INETRANE L IRET 2720, HES — DL
TR DILEMAMBE L LTHELTLE S 7 —2ADF

451 (122)

LTz FEfY— %, ZOHIRD S — > ¥ OYIFERIRE
BODEETH . 2D, HEEHE OHEBERE % 151772
W2IZiE, 2D &S RERES — o ADEGE R LS A
B LTHELRWIEPEELY., ZOXIRT—RIZ
MIEFT 27012, 5%, BEary 7y YHORFEONE
PRS2 2 T — Y RITOBEMEEFMT 245, &

DEEICI G IR E BT 2 DEDRDHZ L EZ LS.

F7-, 3 ICHHM 1 ¥ FH 2 OFMiFE R IC BT 2 HBER
BERT. £3 &0, M1 &N 2 1ISE LD B 2
EOMER I N, DI e hs, REEARE YT WAE
MEZEEICEBI) 2> — Y DUNETH 2 2 WS RENIE
LW Z e,

BRI, MEFEEELT 2 L TOZEHICONWTELR
T 5. K4 ZHE A-H OBERE RS X 0EBERE LT
HERmIC o0 B ALEERFR 2 /RS, R4 & D, FBLRO LIRS
RNIBERREO LU TRE L o TWA Z bbb 5.
IR DIRBETETIE, FEBRICHMGREREEL CREITLE
WANEZRET 256 & D b3 LS AN EORED
TR2eEZLND. E£T2, AWS EC2 O gddn.4xlarge 4
VARVRIE, 7OTRC T 4wy (HE) V—-Ya ik
Wt v 7 v FORFHEIEATA 1.204 K (2025 4 4 A
1E) TH2*Zeno, ~MRNBANE LD DLETH 2 Z
bbb, B, SE0— 27 —2ZBWT AWS % Fi)
LTI RT 2T B, BEC2 A4 > 2R ZADF| K
EDZENTH 2728, ZOMDERITHH 5 EHITHEHR
TE5250r55%. DbEED, AFTOEELDHL 2D
TN EFANMBEDORENTEZ L EZLND 20, 1
RFRRIFERT 2 LToOZYMDH 2 LimoOT oh b,

£ 1 FH 11203 CM1-3 B X PM DFHfiifs R o FIE.
CM1 CM2 CM3 PM
Bl A | 1.20 2.10 2.00 2.20
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Table 3: Correlation coefficients between the evaluation results of Rating 1 and Rating 2.

A B C D E F G H
HHBARRE [ 0.74 0.78 0.91 0.89 0.71 0.67 0.64 0.76 | 0.76

Table 4: Video duration and processing time in the experimental environment for videos A-H .Note that the
units are [minutes]:[seconds].

BE | A B C D E F G H

FHEFRER | 44:33 45:21 46:28 46:51 46:23 52:30 53:28 53:57
JUBREERY | 17:14 20:05 21:47 20:28 19:53 23:50 25:10 26:46

4. Conclusion

In this study, we proposed a method to optimize the insertion position
of mid-roll ads in video streaming services without disrupting the viewer's
viewing experience. Our proposed method utilizes multimodal data and
considers the video context to accurately extract candidate mid-roll ad
positions. Experiments confirmed the effectiveness of the proposed

method for long videos such as dramas. Specifically, the proposed
method extracted ad insertion positions that do not disrupt the viewer's
viewing experience, compared to manual insertion positions selected by
a video editor. However, the proposed method does not consider the
content of the mid-roll ads to be inserted, and we have not yet verified
its effectiveness for documentaries, animations, and other media that
are not included in the training data. These are issues that remain to be
addressed. Therefore, in addition to applying our method to various
genres, we will work on extracting insertion positions that take the
content of mid-roll ads into account and automatically selecting mid-roll

ads that match the video context before and after the insertion position.
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