[ Y@ e

=l MeE|3 (BHE 20| HE2 H0{ES LIEHH 24e)
20190311 2921 (25%) 20211245 MLk (25%)

(
20202076  EHHS (

o T

25%) 20221062 27X (25%)




Contents .

03 3|

ML algorithms
DLL algorithms

01 C|O|E| TX =

I:-||O|E-| 3 =2| gl shxt

=20 X /| o

Feature Engineering

ML algorithms
DLL algorithms

02 =c{AEE

ML algorithms
DLL algorithms

05 oSlo|HIfZf0|E F'd

S ESEl L

£|™3t Library




00

Introduction

M=

O
O
O
O
O
O

0:00 - 6:00
i< > >



Chapter 00
Introduction

i |/\‘ v./\ /
O
o17|

1 . Dynamite

Spotify

1,973,051,861

Spile)

04



Chapter 00
Introduction

P> Pl ) 022/343

BTS (WEtAATH 'Dynamite’ Official MV

wee HYBELABELS @
§ FEX 7620843

234~ 1,900,093,8663| Z|x 37H: 2020. 8. 21. #Dynamite #BTS_Dynamite #MV
BTS (YEAHETH 'Dynamite’ Official MV

YouTube

iy 37902

P

A 3%
o1

4 Qmal X

=

05



Chapter 00
Introduction

06



Chapter 00
Introduction

& 2|Ap7F Bt
CHE MH[AE WS

Point 02

07



Chapter 00
Introduction

E®
AIE|OIO| DB - R §EH X2|4 719
AratabA Ol AsEQ ol

xX OO

©

EETEE S5 N2
HOlEIAES HIEOR of2] DiAlzid U E2id J|HES Soto| 2t @0 n2
Algoto] goto| MBS AT 4 Yl DY 7 chEo| AHITHE Bt SXS RIS

08



Q

O

01

Data Preprocessing

H|O|E| TX e

O
O

O

O

1:00

i<« » »l

- 5:00



Chapter 01
Data Preprocessing

H|OJE{ x|

# drop.py

import pandas as pd
import numpy as np

file = input("csv directory: "

df = pd.read_csv(file

print(df['official_video'

df = df[ df['official_video'] == df['official_video'] [0
df.to_csv(f"{file.split('/"')[-1]}_dropped.csv", index=False

\

/

N\

View Count

Stream Count=22.63272M
View Count=3.552475B
likeCount=8154051

Stream Count

Feature Engineering

Y

10



11

Chapter 01
Data Preprocessing

ClolH =T A =%
Youtube API, Spotify 3

New Notebook @

@5 SALVATORE RASTELLI AND 2 COLLABORATORS - UPDATED 2 YEARS AGO

Spotify and Youtube

Statistics for the Top 10 songs of various spotify artists and their yt video.

E2i 0|2, OlE|AE 0|Z, OIE|AE URL, Key, Tempo S9|
st

=& AO|ES| 240} oVH RFE FAH|C|L &3, 3|+ S0| &
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Data Preprocessing

# drop.py #split.py

import pandas as pd
import numpy as np

import pandas as pd
import numpy as np

" file = input("csv directory: "

file = input("csv directory:

df = pd.read_csv(file df = pd.read_csv(file

print(df['official_video'
df = df[ df['official_video'] == df['official_video'] [0
df.to_csv(f"{file.split('/"')[-1]}_dropped.csv", index=False

num = int(input("line size per file:

for i in range(int(len(df)/num) + 1
data = df [numxi:numx(i+1
data.to_csv(f"{file.split('/") [-1]}_{i+1}.csv", index=False

ZA SEH|CIQE HAE D XE

b I B |

(o]

2121 10,0007H2| API QEHSIOZ csv U 4,500704 2
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m
[S)
AL
1
Il
o
1ok
0

ingort request:
fron tadn iaport
ingort pandas as pd

for i in tqdm(range(len(df))) :
try
if channel_id == df[*channelld"] (1]
youtubeChannelSubscriber. append statistics [ subs

fite = tnpu

iberCount ‘1)
e ke ste else :

channel_id = df [* channelId"] [i]

statistics = get_channel_statistics(channel_id = channel_id)

youtubeChannelSubscriber.append(statistics[*subscriberCount'])

except KeyErr
youtubeKeyErrorList.append(i)

data = datal"itens’] (0] ('statistics'] if not len(youtubeChannelSubscriber) i#1) =

youtubeChannelsubscriber.append(*Error*)

Print(*Could not get chamel statisti
¢ « ib

ata = a1 unt: “Eero else :pass:
art ot e youtubekeyErrorList. append 1)
AT if artist_id == df [*Url_spotify'] [1].split(*/") [-1] :
youtubeIndexErrorList.append(s} spotifyPopularity.append(datal’popularity*])
spotifyFollowers.append(datal*followers*] [*total'])
# azemol & B4 (o 0
def get_spotiy_token spotafy_cuient_id,
headers = {

potify_client_secret)

fon/x-san-form-urtencoded”

df['Urlspotify'] [il.split(*/*) [-1]
i

ify (artist_id)
spotifyPopularity.append(datal‘popularity"])
spotifyFollowers.append(data*followers'] [*

spotifyKeyErrorList.append(i)
postlurl, data = body, headers = headers) if not len(spotifyPopularity) == (i+1) :
spotifyPopularity.append(‘Error)

if not len(spotifyFollowers) == (i+1)
spotifyFollowers.append(‘Error*)

(artise_id)

+ token

print("Youtube Key Error List")
print (youtubeKeyErrorList)
print("Spotify Key Error List")
print(spotifykeyErrorList)
print("Youtube Index Error List")
print (youtubeIndexErrorList)
df [ youtubeChannelSubscriber'] = youtubeChannelSubscriber
df ['spotifyPopularity'] = spotifyPopularity
df ['spotifyFollowers'] = spotifyFollowers
potifyPopularity

ow
df.to_csv(f*{file.split(*/*) [-1]}_output.csv", index=False)

HIO|EX[0] 71X QI HLl|0|E7t B RSt e =

-
£ =250 csv MU =7}
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O

Feature Engineering

O] &X| & E=X| A=

Stream vs ViewCount Scatter Plot

Stream Count=83.43436M
View Count=6.591129B
likeCount=17691461

&+
-
3
(o]

O
=

k]

>
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Feature Engineering

Ol AHK| 2% 9l X5

—

df['is_children'].value_counts()

is_children

0 15713

1 10

Name: count, dtype: intb4d

S0 sigdt= HIoIEH= 10712 ==
O 717tX| ClIOIE{Q] of&fX|et Z2EX| M & TAE|S Ok HO[EHEYS csvE XMT
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Feature Engineering

MZE: HE F9|

# delta_view, delta_like, delta_comment &
df['delta_view'] = df['viewCount'] - df['Views']
df['delta_like’] = df['likeCount’] - df['Likes']

df['delta_comment’] = df['commentCount’] - df[Comments’]
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labels
0

1
2
3

ML algorithms

TSNE Component 2

TSNE Visualization of Clustering Results - MLP

] 50
TSNE Component 1

DLL algorithms
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ML algorithms (1)

K — means clustering

labels
0

1
2
3

k =40 siFst= 2
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Clustering

ML algorithms (1) =

K-means Clustering

Liveness _ Valence

ZI= | Views Wt

| Danceability, Valence,

Energy, Liveness W2}
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ML algorithms (2)

DBSCAN(Density-Based Spatial Clustering of Applications with Noise)

DBSCAN Clustering with PCA

K-means®t &2| E2{AH S AFH| FE 227t gl

K-meansCHH| 2% &

=

21
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DLL algorithms (1)

Self-Supervised MLP2} K-meansE &2%t S2{AEzZ

class MLP(nn.Module):
def _init__(self, input_dim, hidden_dim=128):

super(MLP, self).__init_()

self. nodel = nn.Sequential(
nn.Linear(input_dim, hidden_dim),
nn.ReLU(),
nn.Linear(hidden_dim, 64),
nn.RelLU(),
nn.Linear(64, input_dim)

def forward(self, x):

return self.model(x)

128719

22
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DLL algorithms (1)

Self-Supervised MLP2} K-meansE &2%t 22{AH

PCA Visualization of Clustering Results - MLP

TSNE Component 2

0.4 0.6
Principal Component 1

0
TSNE Component 1

50
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VAE(Variational autoencoder)

24



03

Regression

2|

O
O
O
O
O

O

3:00 -3:00
i<« » »l



Chapter 03
Regression

The Least Squares Method

A N2
SS(residua[s) == E (y i =) i)

i=]

ML algorithms

Prob
So

ties
Linear

Multi-Head
Attention

Masked
Multi-Head
Attention

: alk
Input Output
Embedding Embedding

Inputs

DLL algorithms

26



Dep. Yariable:

OLS Regression Results

viewCount R-squared:
OLS  Adj. B-squared:

Least Squares F-statistic:
Sat, 12 Oct 2024 Prob (F-statistic):

No. Observations:
Df Residuals:

Df Model:
Covariance Type:

00:07:05 Log-Likelihood:
15158 '
15156
1
nonrobust

2.52e+06 . 0.000 1.36e+07

Prob{Omnibus):

Kurtosis:

0.801

21266.241  Durbin-Watson:
0.000 Jarque-Bera (JB):
7.953  Prob{JB):

148.296  Cond. No.

—3.1576e+05
6.315e+0b
6.315e+05

13493113.909
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ML algorithms (1)
OLS Regression

Correlation Heatmap (Only 0.2 or Above)
Danceability -n 21 0.340.22-0.250.31 0.46

Energy —o.un 0 ] 039
Key -

Loudness -0.34
Speechiness -0.22
Acousticness -0.25
Instrumentalness -0.310.28
Liveness -

Valence -0.460.39
Tempo -

Duration_ms -

Views - (0X:-110.41 ﬁ@ms

Likes - . 1 E
Comments - X .280.41

Stream - 0,28 0.29

viewCount - .99/0.89(0:5 4

likeCount -
commentCount -
is_children -

publishedYear -

Danceability -
Energy -
Key -
Loudness -
Speechiness -
Acousticness -
Instrumentalness -
Liveness -
Tempo -
Duration_ms -
Views -

Likes
Comments -
Stream -
likeCount -
commentCount -
children -

K3 S 7Ho| AEA4 SIEY

A2 LIEPE £ Q= feature2= Danceability, Energy, Loudness S0| Zxj



Regression Comparison with Confidence Intervals

e Data
KNN Regression
Linear Regression

2
viewCount
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ML algorithms (3)

KNN Regression
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DLL algorithms (1)

TabNetRegressor

(b) Feature transformer

Attention HFLIES &85l0] & T Q%! featureE SEHOE MEHSH= MH H|0|E E3}

Decision Step, Feature Transformer, Attentive Transformer
12 [o|E{ 2] featureE HRIX Q= shgolil 0|F YHO|O|E

31
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DLL algorithms (1)

TabNetRegressor

# Sfo|m{ojzetolge ©- # D& Xx7|35t
config = { model = TabNetRegressor(
"n_d": 8, # Decoder feature dimension size (8~64) n_d=config['n_d"],
"n_a" 8, # Attention feature dimension size (n_d = n_a) n_a=config['n_a"],
"n_steps": 5, # Number of steps in the architecture. (3~10) n_steps=config["n_steps"],
"gamma": 1.3, # Relaxation parameter for sparsity (1.0~2.0) gamma=config["gamma"],
"lambda_sparse™: 1e-3, # Sparsity regularization lambda_sparse=config["lambda_sparse"],
"learning_rate™: le-4,_  # Learning rate optimizer_params=dict(Ir=config["learning_rate"])
"max_epochs": 200, # Maximum number of epochs for training
"batch_size"™ 512, # Batch size for training (64, 128, 256, 512, 1024, ..)

"virtual_batch_size": 256, # Virtual batch size for gradient accumulation (should divide batch_size) # Do

"seed": 42 # Random seed for reproducibility. model.fi

X_train=X_train.values, y_train=y_train.values.reshape(-1, 1),
eval_seti(X_test.values, y_test.values.reshape(-1, 1))],
eval_name=['val'],

eval_metric=['rmse’],

max_epochs=config["max_epochs"],

patience=10,

batch_size=config["batch_size"],
virtual_batch_size=config["virtual_batch_size"],
num_workers=0,

drop_last=False,

ZXA%: 0.4252, nrmse: 0.0385

32
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EH=3] featureo] e

DLL algorithms (2)

TabTransformer

Multi-Layer Perceptron

('nnLdandlmn

Transformer

dd & N rm
x N 2
Multi-Head
Attention

Add & Norm
Feed
Forward

Column Layer

Embedding Normalization
(a(ewmdl l-eatures Continuous Features
(X3, 23, . Xcont € R€

Figure 1: The architecture of TabTransformer.
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DLL algorithms (2)

TabTransformer

Regression

# TabTransformer 22 9| Actual vs Predicted ViewCount
class TabTransformer(nn. ):
def mwt‘(self input_dim, embed_dim=32, num_heads=4, num_blocks=4, hidden_dim=64):
Mabﬁansformer, self)._init_(
self.embedding = nn.Linear(input_dim, embed_dim)
self.transformer_blocks = nn.ModuleList([
nn.TransformerEncoderLayer(d_model=embed_dim, nhead=num_heads)
for _ in range(num_blocks)
)]
self.fc = nn.Sequential(
nn.Linear(embed_dim, hidden_dim),
nn.ReLU(),

nn.Linear(hidden_dim, 1),

o
c
3
o

]
=

2

s

o
a

2

=

S
o

a

self.embedding(x)

for block in self.transformer_blocks:

x = block(x.unsqueeze(1)).squeeze(1)
return self.fc(x)

15 2.0
Actual ViewCount

EL‘:II glg_l

= —
AN 2okt [ Eate 227t RARSHA| LELEX| 2, 2|47t 2040| 'H0{7t= H|0|E{S0| thoil M= =2 S=20| Eo{E
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ML algorithms

Features

(a) TabNet architecture

Feature Attentive
transformer transformer

xewssieds

(b) Feature transformer (c) Attentive transformer

DLL algorithms
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ML algorithms (1)

Random Forest

Confusion Matrix

Adccuracy:. 0.7646

Classification Report:
precision recall fl-score  support

0.53

True label

accuracy
macro avg
weighted avg

Predicted label

Train : Test HI20|| (2 XM3HT= 0.7646 (8: 2) > 0.7501 (7 : 3) > 0.7462 (9 : 1) 2 LIEf

37



Chapter 04
Classification

ML algorithms (1)

Random Forest

Receiver Operating Characteristic (ROC) Feature Importance

spotifyFollowers
spotifyPopularity
youtubeChannelSubscriber
publishedYear
is_children
official_video
Licensed
Comments

Likes
Duration_ms
Tempo

Valence
Uveness
Instrumentalness
Acousticness
Speechiness
Loudness

Key

Energy
Danceability
Artist

o
o

o
IS

Q
-]
]
-4
o “n
> e
= 2
@
o o
a ¥
[
2
E

- ROC curve (area = 0.82)

0.4 0.6 X 4 0.00 X X 1 0.04 0.05
False Positive Rate Importance

'spotifyPopularity’, 'youtubeChannelSubscriber', 'publishedYear', 'Likes', 'spotifyFollowers' S0| &2 EMO=Z £t

o|2{st A10| 273t st EMO Z RElS T|stS

Xt

=
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ML algorithms (1)

Random Forest

Confusion Matrix

Accuracy: 0.7662

Classification Report:
precision recall fl-score support

]
Qo
=
o
2
=

0 : 0.86 : 1903
1 : 0.61 : 1130

accuracy . 3033

macro avg . . . 3033
weighted avg . . . 3033

Predicted label

Confusion matrix A|2t3}
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Accuracy: 0.7323

Classification Report:

precision recal |l fi-score

0 0.74 .87 0.80

1 0.70 . .58

accuracy 0.73
macro avg 0.72 . .69
weighted avg 0.73 0.72

'spotifyPopularity’, 'youtubeChannelSubscriber', 'publishedYear' 542

ML algorithms (2)

support

1903
1130

True label

3033
3033
3033

Helte Hw

Gradient Boosting

Confusion Matrix

Accuracy: 0.7095

0
1

accuracy

macro avg
weighted avg

Predicted label

:0.7323 (8:2) >0.7274 (7 : 3)

-1 O

Classification Report:
precision recall fl-score

0.7264 (9 : 1)

A HetEHLE 40| A3t (0.7323 -> 0.7095)

support
1903
1130

3033
3033
3033

True label

0

Confusion Matrix

Predicted label
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Accuracy: 0.7504

Classification Report:
precision recall fi-score

0 7 0.86

0. 3
1 0.71 0.56

accuracy
macro avg 0.74
weighted avg 0.75

support

1903
1130

3033

MBI H|1 : 0.7504 (8:2) > 0.7475 (9: 1) >
'spotifyPopularity’, 'youtubeChannelSubscriber', ‘publishedYear’' EMHS == 4

True label

ML algorithms (3)

0

Confusion Matrix

Predicted label

1

XGBoost

Accuracy: 0.7227

Classification Report:
precision

0 0.74
1 0.68

accuracy
macro avg 0.71
weighted avg 0.72

recal |
0.86
0.49

0.68
0.72

f1-score

.8
0.57

.l

0x

support

True label

0

Confusion Matrix

Predicted label

1

S0| M8t (0.7504 -> 0.7227)
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SVM

Kernel trick2} 3X& Hyperplane
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ML algorithms (4)

SVM

Accuracy: ©.8855885588558856 Confusion Matrix
Classification Report:
precision recall fl-score support

e 0.83 . 0.88 2051
1 0.94 . 0.89 2494

accuracy 4545
macro avg . 4545
weighted avg . 4545

Confusion Matrix:
[[1919 132]
[ 388 2106]]

2K £t DE =F Ant

Helr: 0.8856 => SVM > Random Forest > XGBoost > Gradient Boost =2 = =2 accuracys 29l
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Test Accuracy: ©.6944444444444444

Classification Report:
precision recall fl-score

.75 .58 .65
0.66 e.81 .73

accuracy .69
macro avg . . .69
weighted avg . . .69

DLL algorithms (1)

support

751

True Labels

st TabNet 2EHS

TabNetClassifier

Confusion Matrix

Predicted Labels

AE

publishedYear
is_children
Stream
Duration_ms
Tempo
Valence
Liveness
Instrumentalness
Acousticness
Speechiness
Loudness

Key

Energy
Danceability

44
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DLL algorithms (2)

TabPFN

Confusion Matrix

Test Accuracy: ©.7035928143712575

Done once, offline Done per real-world dataset, online (1( '|,l' 1 D ) ‘[( ¥ !.l'_', D ) Classification Report:
? * precision recall fl-score  support

Sample synthetic datasets ID; Real-world training dataset D___,
from prioe: D; ~ p(D) and test point xy. .
0.72 0.63 0.67 6969

A A i ? 0.69 .77 0.73 7393

True Labels

Train TabPFN gs on synthetic Obtain gg(Yeee L eents Drent) J \{ e N7 \ % X
datasets { Dy, Dy} with a single forward pass (1, y1)(22,y2)(23,Y3) T4 T accuracy 6.7 14362
(a) Prior-fitting and inference (b) Architecture and attention mechanism macre ave 6.70 14362

weighted avg 0.70 14362

Predicted Labels

212 HOo[EMoM £E5] ot 5= T2[otH S£et Sto|mutetn|H &Y G0l =2 452 4
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N

Key Features ~ Code Examples Installation Dashboard OptunaHub Blog Videos Paper

search

Testing

Key Features

Eager search spaces State-of-the-art algorithms Easy parallelization
Automated search for optimal ntly search large spaces and arallelize hyperparameter se

hyperparameters using Python prune un fals for faster multiple thr
conditionals, loops, and syntax results without modifying ¢

Training

Early Stopping

x| X3} 7| Z|X32} Library A
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=52} 718 (1)

Elbow Method

a
w
o

o
c
Il
&
2
(=]
=
o
a
=
2
(7}
z
o
A
[
=
Lo,
r~]

2500

5000

k-distance plot

7500 10000 12500
Data Points sorted by distance

15000

17500

20000
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z[Ha} 71 (1)
Elbow Method

KNN Regression: Actual vs Predicted KNN Regression: Actual vs Predicted

@ Predicted vs Actual
—— Perfect Prediction

@ Predicted vs Actual
—— Perfect Prediction

EM AHE Eot =AY (NRMSE, R-Squared)
Z}: Danceability, Key, Instramentalness, Tempo A|7{ (0.0366 / 0.5478)
<. Danceability, Key, Valence, Instramentalness, Tempo X|7{(0.0375 / 0.5255)
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Hyperparameter Tuning

Confusion Matrix

Random o
ForeSt o . on recall fl-score support
0.¢ 1957 i
i g
predicted label
Confusion Matrix
Gradient

Boost precision

recall fl-score  support

=52} 718 (2

GridSearchCV

0.5

True label

Predicted label

AMEXI7t 2 2| Sto|HIt2t0|E 2| 2=

Boost Classification Report: EléEE OEIEEII

|1 fi-score  support

1957
1074

2
=
]
2
g

X0l chet B2l =OIC} 0| = 4SS H| w5
X|X9| sto|mmt=tnlE S = DPES TR

0.78 0. ¢ 30+
1
XG Accuracy: 0.7892
2 0. -(:‘ 0. ¥

Predicted label
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£ 5=} 718 (3)

Early Stopping

L, 8%t

Testing
|

Training

Jw)=J(w)+AR (w)

Early Stopping
1% 5-32 7| 389 L, st =24t

%

THEBHS YHR[StY| 93t callbackEi4 2, HES AH0| SIS X7|E=SHe Hist 7|4

H O] APIZ} 2 R3HK| QO L2 regularizationt SAFSH 21t

——
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| M3} Library (1)
Optuna

import optuna

from optun

from skl e e ro _trai train.values.reshape(-1, 1),
from pyt b e 0 Z )]

log=True),

#
pr
rmse = mean_ hape(—1, 1), preds, squared=False)

return rms:

, sampler=TPESampler())

print ("

print ("

for key, > tri citems():
print(f"

Moo= 2E &4 2f0|ErR{E|

| HeHTPE)2I Z2d HFHLIELZE F1d
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X M2} Library (1)

Optuna

Run history: Run summary:

Final Final NRMSE 0.0385
NRMSE
Final R2 0.4252
Final R2
Final RMSE 247234446.4438

Final
99

RMSE epoch
epoch ] FELEE 247234446.44381
val_rmse —______

# TabNetRegressor 74 Z1} rmse: 247234446.4438
nrmse: 0.0385
R2:0.4252
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X

W&B PLATFORM

experiment dataset model model collaborative
tracking versioning evaluation optimization analysis

‘Experiments‘ ‘ Artifacts J Tables ‘ ’ Sweeps ‘ ’ Reports

FRAMEWORK AGNOSTIC

O 0

PyTorch  Lightning TensorFlow  Keras Hugging Face fast.ai Scikit XGBoost

m fast.ai O tearn XGBoost

ENVIRONMENT AGNOSTIC

Cloud hosFed + aWS IA 3 .

On-premises
Azure Google Cloud Kubernetes

D SHAT S0 3 EHE DY H5/AMS 52 AEst0Y, £|%0| sto|HItztalE Tt
L2t 20| WandBoll 21912 3t11, API keyS 212i5t0] ME0| 7Hs

M3t Library (2)

WandB

wandb © Appending
True

wandb. init{proj

wandb: Currently logged in “wandb login —relogin®
Tracking run with wandb version 0.18.5

Run data is saved locally in /con

Syncing run classic-bird-3 to Weic

View project at https://wandb.ai/studyinsogangu/TabNET-classification-tuning

View run at https://wandb.ai/studyinsogangu/TabNET-classification-tuning/runs/0g08lsl9
| Display W&B run |

to force relogin

[0
las
i=]
il
rr
H1
-

o4
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x| M2} Library (2)
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In Conclusion
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Chapter 06

In Conclusion

Hol= Zo 7|

=1
=]

Er ELotI{EHA

01

I.

Transformer 221} CoFst

£t 2|9

—_
=
[=]

| HOISH| 2r-gol O]

A (m]
g8 8

)

7
Che

02

e~
5t

feature
Learning rate scheduler, SHAP 52| &3 =710f CHst mHE BE

o~
ot

AE

Z|lofl cigt =2|X 24

ofl 0fx|=

A
T

2

Danceability, Valence2t 22 M2 £X|7t =






