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What? Youtube #t * 22 * 48 4 47

When? 2017-2018

Who? Youtuber

Where? iR

Why? Youtuber = & #t [ B i BE& = % = Youtuber 2 (5L 7 2

Youtube % 458 ¥ i\%% .
How? FTHIFAIL - M PEA 2 THT AR ~ LSTM

’ﬁ\‘ > N )%‘55;
- ~ & =8 75§ % B (Long Short Term Memory Network, LSTM)

LSTM A_iE§F4? 5 4 8 (Recurrent Neural Network, RNN)h# ¢ — 48 #1073 -
RNN i & &% K f2ipr @ R 7 e0R* 4 0 — 47 RNN i iF #- Hidden layer
output ¥ % Memory 42 > ¥ T = input FALEI PF ERPFY R - G A
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Long Short-term Memory (LSTM)

Other part of the network
Special Neuron:

4 inputs,
1 output

Signal control

Output Gat
the output gate SLPUEDAte

(Other part of I/'\
the network) ‘ )
| Memory Forget Signal control
‘ Cell Gate the forget gate
(Other part of
1 the network)
Z:geniz-lnl ;Stn;::? Input‘Gate LSTM

(Other part of I

the network)
Other part of the network
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LSTM 2 & d » B Component % = > & ] r‘?j%l » B (Input Gate) » ﬂi%l IR
(Output Gate) ~ &5 H -~ (Memory Cell) 2 % i# X R (Forget Gate) °
1. Input Gate: ¥ #- feature ﬁ%l » pF > input gate € 2 ¥ A F R =x muﬁj%l IN
2. Memory Cell: #3+8 dtenfEidgdek > AT Bregm g d ki
3. Output Gate: 47 #|&_F #-iz= 35 11 kK HE output
4. Forget Gate: £_F - Memory 7i#-(format)
X H_F #ieetitE A ki@ output 0 12 E §_F # Memory 7 #-(format) » ¥ 1% i
HEREREY -

Activation function f is
usually a sigmoid function

Between O and 1

Forget Gate

Mimic open and close gate
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Block
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Trending YouTube Video Statistics p 7z % B & 7% ¥ % 7 Youtbue #: F* g2 5
json fH% csv g 0 json 4% ¢ 7 R
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category id ﬁ)@mcategory title 2 country code > i AL (s T {7

category id ¥ & <7 category title 2 country code 4-F B ¥

category_id category_title
1 Film & Animaticn
2 Autos & Vehicles
10 Music
15 Pets & Animals
17 Sports
18 Short Movies
19 Travel &z Events
20 Gaming
21 Videoblogging
22 Pecple & Elogs
23 Comedy
24 Entertainment
25 MNews & Politics
26 Howto & Style
27 Education
28 Sclence & Technology
29 Monprofits & Activism
20 Movies
21 Anime/Animation
22 Action/Adventure
233 Classics
34 Comedy
35 Documentary
26 Drama
37 Family
38 Foreign
29 Horror
40 Sci-FifFantasy
41 Thriller
42 Shorts
43 Shows
44 Trailers

country_code
us
s
s
s
s
s
s
s
us
us
us
us
us
us
us
us
us
us
us
us
us
us
us
s
s
s
s
s
s
s
us
us
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1. Video_id: identification code for the 11. Comment_count: Number of Comments the

YouTube Video Video Obtained by the time the dataset was
2. Trending_date: Date on which the Video downloaded
was Trending 12. Thumbnail_link: Thumbnail link of the Video
3. Title: Title of the YouTube Video (image representing a link)
4. Channel_title: Title of the YouTube Channel 13. Comments_disabled: Dummy Variable
uploading the Video indicating whether the comments were
5. Category_id: Unique ID of the Video's disabled on the video
Category (e.g. Entertainment, Music, Sports) 14. Ratings_disabled: Dummy Variable
6. Publish_time: Date and Time in which the indicating whether the ratings were disabled
video was published on the video
7. Tags: Hashtags added to the Video to make 15. Video_error_or_removed: Dummy Variable
it easier to find by the public indicating the presence of a video error or
B. Views: Number of Views the Video Obtained removal of the video
by the time the dataset was downloaded 16. Description: a piece of metadata that helps
9. Likes: Number of Likes the Video Obtained YouTube understand the content of a video.
by the time the dataset was downloaded Well optimized descriptions can lead to
10. Dislikes: Number of DisLikes the Video higher rankings in YouTube search.
Obtained by the time the dataset was
downloaded
B 4 ®p

d 3t csv eR A A2 ASCIL %% » @@ % Excel 3B pFé A 24 juig » #)p
%41 % Notepad++# ASCII # 3 UTF-8-BOM » 7 2 i 285 * 4% -
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Microsoft Excel >

o FEIEE: 1007884 EEEE; % 40691 EE—RIE -
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B 5 f“'J’ﬁ% LA E
3. MEEAsfTE TR AR
B ,%;T 7 #p -+ cff - ¢ thumbnail link (%ﬁl’ﬁ‘]@ &)~ comments_disabled
(H_F L3Fi®% ) ~ ratings disabled ( #_F L3F 34 )~ video error or removed
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views
views 1
likes 0.850315
dislikes 0.472267
comment count 0.619633
tags num -0.02918

1 @A) % #c views 2 4P B A e
TPGE A & R B KRR views 0 Fpt il A R H R views & (74P
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B M4 37 0 3 TR likes fr views g b e x 3 0.8 0 5 F B AP o fZ R
AT 2. # e comment_count fo views c4p B B/ >t 0.5 2 0.8 2 FF 0 5
v R Ap B dislikes fo views sp B i #4203 1 05 2 FF > 5 MR ARRE S

tags num fr views G4p B GEGHE 030 i A M o AT EE R AP
13 R HH B £ T 7 Kk E (likes) s # K o bk BB T
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count

Bl 6 @13 s F R

count
count 6282.000000
mean 6.518465
std 6.771645
min 1.000000
25% 3.000000
50% 6.000000
75% 8.000000
max 397.000000

2 B ey
ARE T5S% B PR T € F 32t 5 P I 6% 0 B 25%#
PR €8x FPt AR E time step=4 X o
2L A enF AL ¢ category {r publish_date £ & * BT AL T AR > B
7~ 4 3~ 4 4% 123 3 Entertainment 2 Music $f 08 5 2L #icE B 5 KB 8
¥ 147 f# publish_date e # kv > e §_category 2 publish time fr views ¥ &
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Bl 8 publish date(B~# 20 %)

count 313.000000
mean 130.000000
std 110.203803
min 1.000000
25% 6.000000
50% 120.000000
75% 223.000000
max 452.000000




% 3 publish date & # 3

2017/12/22 452
2017/12/20 420
2018/2/5 412
2018/5/10 406
2018/5/8 354
2010/4/21 1
2006/7/23 1

% 4 publish date F%4~ F L
AR AT E THT AR 208 0 B i WHE IS IE ik likes
views & 17 BRI o e 12 45~ A E AL < 0] 5 (3942,4,2) ©

o~ Al E AR P

kF 2P S LSTM o3 e0Ae s 48 2 28 Ao W] 977

Dropout & %8 A8 & & 4 iy 5 o

model = Sequentialf()

model. add (LSTM(54, return sequencez=True, input_shape=(%,

nodel. add (Dropout (0. 21)

£ ? - ﬁi JRERT TIPS

21, activation= tanh’ )]

model. add (LSTM (125, return_sequences=Falze, activation= tanh’))

model. add(Densze (1, activation= linear’))#1

optimizer = EMNSprop(le=0.005)

model. compile (loss= mean squared error’,

model. summary ()

iz output

B 9 LSTM #-4] 42 3¢ 78

Model: “zequential 47

optimizer=optimizer)

Layer (type) Output Shape Param #
lztn B (LSTH) \Mone, 9, 64) 17152
dropout_4 (Dropout) (None, 9, 64) 0
letm % (LSTH) Mone, 128) G9aR16
denze_4 (Dense) (Hone, 1) 129

Total params: 116,097
Trainable param=: 116, 097
Non—trainable params: 0

Bl 10 LSTM #-3] 7 4
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1. ﬁi%J » likes % views(time step=4)

ﬁi%J ~ views(time step=4)% likes F 42 » "R & 1 loss ok 2 & i val_loss 4
o7 0 BEFR 1 3 B 4 val loss>loss €A 0 i H_§ val loss T "% BF > loss if
Ao B fS e 0.02 T o A LEAET Y UFFAE G AL ERE S
2 T2V U EgER e EE -

Loss plot
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Bl 11 Loss plot(ﬁi%l » likes % views(time step=4)
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y_test predict
count 7.890000e+02 7.890000e+02
mean 1.908541e+06 1.859762e+06
std 4.847343e+06 5.019882e+06
min 1.464000e+03 -1.194840e+05
25% 2.829120e+05 1.767588e+05
50% 7.323490e+05 6.458047¢+05
75% 1.876178e+06 1.852529e+06
max 8.509207e+07 8.632411e+07

2. ﬁi%J » likes % views(time step=9)
BT ORACE REA K SRR T 0 A FEIR B Views o ﬁi%J ~ likes %
views(time stp=9)2_ % % 4o B] #71 :

Loss plot

% 5y test £ predict & # (ﬁi%] » likes % views(time step=4)
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Bl 13 Loss plot(ﬁﬁ] » likes % views(time step=9)




Youtube Viewers Prediction

1e7
= True Valus
g = Pradicted Yalue
_q_ i
£ 31
[T
=
2 -
1 -
|} -
T T T T
0 100 200 250
Time
B 14 Prediction(ﬁi%] » likes % views(time step=9)
y_test predict
count 2.410000e+02 2.410000e+02
mean 3.027963e+06 3.147387e+06
std 6.093774e+06 6.233731e+06
min 3.091800e+04 3.434237e+05
25% 5.707290e+05 7.674609e+05
50% 1.151425e+06 1.258726¢e+06
75% 2.580657e+06 2.570490e+06
max 5.611196e+0 5.712340e+07

3. @~ views(time step=4)
£ ﬁis?J ~ views(time stp=4)2_ % % 4B #77 -

13
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Loss plot

017 - — |oss
= val_loss
0.1 1
.08 1
.06 1
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.00 -
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B 15 Loss plot(ﬁi%] » views(time step=4)
1e7 Youtube Viewers Prediction
— True Value
— Pradicted Value
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24
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Time
B 16 Prediction(ﬁ%l » views(time step=4)
y_test predict
count 7.890000e+02 7.890000e+02
mean 1.908541e+06 1.902993e+06
std 4.847343¢+06 5.070968e+06
min 1.464000e+03 1.935354¢+04
25% 2.829120e+05 2.875418e+05
50% 7.323490e+05 7.105782e+05
75% 1.876178e+06 1.840289¢+06
max 8.509207e+07 9.360760e+07

# Ty _test 22 predict & # (ﬁi%] » views(time step=4)
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4, ﬁi%J » views(time step=9)
timestep d 4 X 4 3 9 X 2 B % 4B T
Loss plot
0.7 1
— loss
06 = val_loss
05 1
0.4 1
0.3 1
0.2 1
0.1 1
0.0
0 10 20 B a0 50
Bl 17 Loss plot(ﬁi%] » views(time step=9)
1e7 Youtube Viewers Prediction
B = True Value
— Predicted Value
5 -
4 -
=
24
1 -
D -
Iil EIU ldl.'] 1!';!'.] EEIJI'J If;ﬂ
Time
Bl 18 Prediction(ﬁﬁl » views(time step=9)
y_test predict
count 2.410000e+02 2.410000e+02
mean 3.027963e+06 2.852364¢e+06
std 6.093774e+06 6.215746e+06
min 3.091800e+04 6.870095e+04
25% 5.707290e+05 5.092782e+05
50% 1.151425e+06 9.913957e+05
75% 2.580657e+06 2.294445e+06
max 5.611196e+07 6.133464e+07

# 8y test £ predict & # (ﬁia?] » views(time step=9)
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Train Val Score(RMSE)
Score(RMSE)

ﬂi;'l » likes 2 views(time step=4) 367757.64 338026.47

ﬁ%l » likes 2 views(time step=9) 956439.82 408942.70

i ~ views(time step=4) 484946.44 393396.12

ﬁ%l » views(time step=9) 815038.07 480950.99

#. 9 Train Score ¥ Val Score

IDEIEF S 'SR S = L '—31,?] ~ likes % views(time step=4) | J&
il ﬂkﬂ S BALEr X R P Y ERR S TT  RT AR S

PUIERIR G M o
&u el FHRAIE(F FREA L D ML FETRTARDL)
LEPH BB T LR R BB PGE D 2 38 R8T S PRECT) 2
F|+ o m A keras FREE Y HAlE 2 > T HEEFF Eﬁéﬁﬁﬁﬁl » 5% ¥ ~ time step
S OABGE T A BB E N A A o

JE 7 0 Project ¥ > W M ILE N6 E BACREE TR gL
$90 16 e 2 Model 2 FRBRESIES £8 0 4 SRR S Y AT
SR EM e R A Sl (AL F AP OEY L8 A PR
ST UFEFE A RFREY AT R TR A 2 FE RS R Sk 1
* 3+ H s Youtube FF B AL & (44 0 5% Youtube T E )R F iTEE 0 14
PPN AT FER BT o

- > LSTM Prediction on Trending YouTube Videos Views
= > YouTube #|* #L#7 43 5 Excel #cd& 4 7
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https://www.kaggle.com/mengxinbj/lstm-prediction-on-trending-youtube-videos-views
https://zhuanlan.zhihu.com/p/66702457
https://medium.com/data-scientists-playground/lstm-%E6%B7%B1%E5%BA%A6%E5%AD%B8%E7%BF%92-%E8%82%A1%E5%83%B9%E9%A0%90%E6%B8%AC-cd72af64413a
https://www.youtube.com/watch?v=xCGidAeyS4M
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