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Abstract

In content consumption environment with various live TV channels, VoD contents and web contents, recommendation service is
now a necessity, not an option. Currently, various kinds of recommendation services are provided in the OTT service or the IPTV
service, such as recommending popular contents or recommending related contents which similar to the content watched by the
user. However, in the case of a content viewing environment through TV or IPTV which shares one TV and a TV set-top box, it
is difficult to recommend proper content to a specific user because one or more usage histories are accumulated in one
subscription information. To solve this problem, this paper interprets the concept of family as {user, time}, extends the existing
recommendation relationship defined as {user, content} to {user, time, content} and proposes a method based on deep learning
algorithm. Through the proposed method, we evaluate the recommendation performance qualitatively and quantitatively, and verify
that our proposed model is improved in recommendation accuracy compared with the conventional method.

Keyword : Content recommendation, Context-aware, Deep learning, LSTM

a) SKE & F(SK Telecom)
% Corresponding Author : ¥A1#](Shinjee Pyo)
E-mail: sj.pyo@sk.com
Tel: +82-2-6100-2959
ORCID: https://orcid.org/0000-0003-2702-905X

+ Manuscript received September 26, 2019; Revised October 29, 2019; Accepted October 29, 2019.

Copyright © 2016 Korean Institute of Broadcast and Media Engineers. All rights reserved.
“This is an Open-Access article distributed under the terms of the Creative Commons BY-NC-ND (http://creativecommons.org/licenses/by-nc-nd/3.0) which
permits unrestricted non-commercial use, distribution, and reproduction in any medium, provided the original work is properly cited and not altered.”



1014 W38 =82 A248 A6, 20199 119 (JBE Vol. 24, No. 6, November 2019)

.M 2 A TS B AuI29 B9, AR F71
2 AYS LTS o] AGAN WARE Q42
SU RAEE0] ATHE FAX AR F B Dk A £ EEAAE A A
A AGAZ SolF BAAE T2Y A¥eked SE 8 glol® ALSold ¥4 Bajel 53 A7ujel mhE
LUE Bty KEAOE BUAE 4uE 5 L% AL AFTOEA AT T e B 92 1, A%
SE0h Netflixt} YouTubeol 4] 0 AL A7} Folsh  AMgALe] % TVAR AZile] A% 282 Agoe *
W U T BUEES 20% 5 UES BAS FW A DAL AAVT Ashs R NE TVE ARG A
ATAZL HA, G A B FA ANEE AT PHE 5 AR Aol gk doly 24 23
3L S S oIS OTT Aplesel 4954 G2l TV 8 /1095 2ol 392 ol 991 710 04219 62
2 EW BOE AR AH2Y A%, B AR B olul, AR 941 ojd AR B9 wEEE gl 9]
5% A

FHo] YTk Alcke] k. F, TVE AR AR BF
7 AETAY F oW TANAA FAHge AxHAel o F
A s As) 8 girks Beld Alok] ZAl
o} Netflix®] 5o, TVE 58 A3B4E Teisel
AR R elA ol e A4, Beleks BA
20l Ao E oe e BAE S ASTA ST Netflix
HUILE S8R U Y2 st Zesdus

oft

e 2ds Aljbetarat sk Al
A7 —/EHE 3123 RNN(Recurrent Neural Network)

LSTM(Long-short term memory)1& 7|40 2
om, Mg Bl P42 3l A st

Loax ofN ofN o rff
e
QLL
F_

AR 5 AL, AE2 ol A ofe] T2 F Alo] S3 24 98 G99 Hed Bd 2 VAR
P ZEAYE AASe BT 4 ALE AGch of o AFH BB B A7 AT AEE 2094 A

Content Recommendation Server

(N
\\[Z/

111 IPTV Service

Content Recommendation Engine )
Login user ID, _

Preprocessing for users’ <€ Login Time
watching history data

Users' watching history 1B

Generating content embedding
vector

Generating watching time zone

vector
IPTV recommendation result
Training deep learning model - Candidates for user
Content Metadata DB with input vectors ( !

Generating list of candidates
for log-in user with log-in time

o J

J21 1. IPTV 2HE FX A|AH HEE

=
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Table 1. Examples of similar contents based on content embedding vector

Seed content Ant-Man and the Wasp (SF)

Pretty Woman (Melodrama)

. Black Panther (0.965)

. Thor: Ragnarok (0.964)

. Captain America: Civil War (0.956)
. Avengers: Infinity War (0.953)

. DEADPOOL 2 (0.950)

. Avengers: Age of Ultron (0.937)

. Ant-Man (0.932)

. Avengers: End Game (0.931)

. Justice League (0.928)

0. Spider-Man (0.927)

List of similar
contents based on
vector similarity

2 OO NG WN=

. Lover’'s Concerto (0.927)

. Love and Other Disasters (0.921)
. Memories of Matsuko (0.917)

. Birds Without Names (0.914)

. Ori Ume (0.913)

. Lady Macbeth (0.911)

. The Table (0.911)

. Radio Dayz (2008) (0.909)

. Petty Romance (0.902)

0. Adrift (0.899)
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Table 2. Data set for experiment

Data type Watching history of IPTV set-top box id (set-top box id: unidentifiability data)
Period 2019.05~08 (4 months)
Number of set-top box id 1,939,468
Number of distinct watching contents 29,284
Number of total watching histories 36,195,773
Average length of sequence for set-top box id 18.66
Training set Watching histories of 70% of total set-top box id
Test set Watching histories of 30% of total set-top box id




FAA 9] 291 AF A7 RS 243 LSTM 7 IPTV 9= 34 1019
(Shinjee Pyo et al.: LSTM-based IPTV Content Recommendation using Watching Time Information)

¥ 3 Hm
Table 3. Comparative experiment

EERV

LSTM+time label+genre (LSTM based model with considering content watching histories, watching time and
content genre) Proposed model

Comparison1 LSTM+time label (LSTM based model with considering content watching histories and watching time)
Comparison2 LSTM+genre (LSTM based model with considering content watching histories and content genre)
Comparison3 LSTM(LSTM based model with considering content watching histories)
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Table 4. Model parameters

Model parameter Value
Sequence length 4
Number of LSTM layer 1
Learning rate 5e-05
Hidden dim of LSTM cell 100
Output dim of LSTM cell 200
Label sliding 5

10 (except the contents which

Al ERIRTE g watched less 10 times)

Batch size 1,024
Epoch 5
Number of training instance 71,639,345
Number of class 21,932
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Table 5. Comparison of quantitative performance
mAP (%) Training Training loss
accuracy(%)
Proposed model
(+time label + genre) 25.7445 12.9545 5.899
Comparison 1
(+time label) 25.6557 12.9059 5.906
Comparison 2
(+genre) 25.5659 12.8581 5.944
Comparison 3
(none) 25.3671 12.7441 5.952
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Table 6. Comparison of recommended lists for different time labels

November 2019)

Pl ¥ T2
32ke] WAL M & T4 "]
Tel= w2y WEl A= W)

A7F FH U e 1Y

3} feature

Fun
2

2 upel asu,
Alg g v A7
37] g, chopat A
T 57t

= e}
FES

M%M%ii
%@aa¢ e
24 2ol7t ATk

ERERR I AP

gy 24

A=) EXE)S}
AN M, time labelol|

5ol
g i g AL 398

T

hyA
ar

i=A
T

13

é

%3
A
)

o,

o]

Input sequence (1-2-3-4)
Doctor Strange(Movie) -

Gag Concert(Ent.)

Time label = Weekend morning

: Lefty wife(Drama) - Lefty wife(Drama) -
Time label = Weekdays dawn
1] Ent. | 0.97799 | Gag Concert
2 | Ent. | 0.96599 | Running
3 | Ent. | 0.96276 | Happy Sunday - Superman
4 | Ent. | 0.92449 | TV animal farm
5| Ent. | 0.90920 | Single life
6 | News | 0.89778 | Real situation
7 | Drama | 0.89156 | Fiery priest
8 | Ent. | 0.88364 | Knowing bros
9 | Ent. | 0.87712 | Talk show-Hello
10 | News | 0.87368 | | am a natural man
11 | News | 0.86369 | Captured moments! Unbelievable!
12 | Drama | 0.86283 | Forensic
13 | Drama | 0.86265 | My only one
14 | Ent. | 0.85460 | Miss trot
15 | Ent. | 0.85050 | Comedy Big League
16 | Ent. | 0.83733 | Mystery TV Surprise
17 | Ent. | 0.83596 | Paik Jongwon’s Alley restaurant
18 | Drama | 0.80832 | Lefty wife
19 | Ent. | 0.80175 | Ugly my son
20 | Drama | 0.79423 | Dr. Prisoner

3

t. | 0.97918 | Gag Concert

t. | 0.97587 | Happy Sunday - Superman
t. | 0.96692 | Running mans

t. | 0.94587 | TV animal farm

t. | 0.91135 | Single life

rama | 0.89617 | Fiery priest

ews | 0.89579 | Captured moments! Unbelievable
nt. | 0.88762 |

ews | 0.87055 | Real situation

10 | Kids | 0.84224 | Hello Jadoo!

11 | Ent. | 0.84006 | Mystery TV Surprise

12 | Drama | 0.83898 | My only one

3 3 3

1]
2|
3
4|
5|
6 |
7|
8 |
9|

Zmzog‘lmmmm

13 | Ent. | 0.82640 | Comedy Big League

14 | Ent. | 0.80282 | Great escape

15 | Ent. | 0.79382 | Miss trot

16 | Ent. | 0.79260 | Talk show-Hello

17 | Ani. | 0.76815 | NEW Baby dinosaur Dolly

18 | News | 0.75734 | Unanswered questions
19 | News | 0.75472 | | am a natural man
20 | Ent. | 0.73675 | Great escape 2
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Table 7. Comparison of recommended lists for proposed model and Comparison3 model

: M Countdown(Ent.)

Input sequence (1-2-3-4)
- You quiz on the block(Ent.) - You quiz on the block (Ent.) - Nine(Drama)

Candidates list of proposed model

Candidates list of Comparison3

1| Ent. | 0.84492 | Kang’s Kitchen 2

2 | Drama | 0.78811 | Search WWW

3 | Drama | 0.76528 | Forest of Secret

4 | Drama | 0.73366 | Voice 3

5| Ent. | 0.73047 | Kang’s Kitchen 3

6 | Drama | 0.71539 | Hotel Del Luna

7 | Drama | 0.69871 | Arthdal Chronicles

8 | Ent. | 0.68425 | Single life

9 | Drama | 0.66376 | WATCHER

10 | Drama | 0.66198 | Nine

11 | Ent. | 0.65244 | Produce X 101

12 | Drama | 0.62436 | Signal

13 | News | 0.56192 | Unanswered questions
14 | Drama | 0.53873 | Forensic season2

15 | Drama | 0.53825 | Prison play book

16 | Ent. | 0.53145 | 4 Wheeled restaurant- USA
17 | Drama | 0.52377 | My Mister

18 | Drama | 0.49558 | One spring night

19 | Drama | 0.49124 | Aide
20 | Ent. | 0.48389 | Amazing Saturday

1 | Drama | 0.91134 | Search WWW
2 | Drama | 0.88706 | Forest of Secret
3| Ent. | 0.87571 | Kang’s Kitchen 2
4 | Drama | 0.84717 | My Mister
5 | Drama | 0.84653 | Signal
6 | Drama | 0.84180 | Hotel Del Luna
7 | Drama | 0.83983 | Forensic season2
8 | Drama | 0.83432 | Nine
9 | Ent. | 0.81190 | Single life
10 | Drama | 0.80115 | Misaeng
11 | Ent. | 0.79896 | Kang's Kitchen 3
12 | Drama | 0.79253 | Prison play book
13 | Drama | 0.78714 | Arthdal Chronicles
14 | Drama | 0.77357 | Voice 3
15 | Drama | 0.76847 | WATCHER
16 | Drama | 0.76753 | 60days, Designated Survivor
17 | Drama | 0.73846 | Confession
18 | Ent. | 0.73461 | Produce X 101
19 | Drama | 0.73368 | 100days My prince
20 | Drama | 0.71321 | One spring night

Average Precision : 1

Average Precision : 0.33

Time label : Weekend dawn

Ground truth : Kang's Kitchen 2 (Ent.)
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