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2. HIo[E] HXE]

2-1. A2 GIo|E{Me| ;= 3l Ho[E{ A 4

Q& H0o|E A2 kaggle.com®l ‘Spotify and Youtube' H|O|E{AIO|Ct H|O|E{& csv HENZ XMZE|D HY
C

i

—_

=

CIOJE A2 Artist, Url_Spotify, Track, Album, Album_type, Uri, Danceability, Energy, Key, Loudness,
Speechiness, Acousticness, Instrumentalness, Liveness, Valence, Tempo, Duration_ms, Url_youtube, Title,
Channel, Views, Likes, Comments, Description, Licensed, official_video, Stream 2| 277§ 242 O|FO0{H U
Ch. O3S 4SS HIXH Q40 #X[H @42 FE5IL, X8 Q4= LAl 1AHE 24, 2XH8 2
L2 FESHALE

Hl=X|& QAEh Artist, Url_Spotify, Track, Album, Album_type, Uri, Url_youtube, Title, Channel, Description
i 20| ZAER O|RUT 24F oOfgtct XN Q4= ZAE0| ot X2 O|ROT Q4=
Danceability, Energy, Key, Loudness, Speechiness, Acousticness, Instrumentalness, Liveness, Valence, Tempo,
Duration_ms, Views, Likes, Comments, Stream S2| @A E 2|0|3tC}t O| [, Licensed, official_video2| &
24 EXEE O|F0{X UX|TH TRUE E= FALSEZ O|RO{X QJoo 2 IOMO|A dataframe HEHE
import & [ ZtZto| o1t 12 WeHEICH OHEE 2 =M= Licensed, official_videoe A& 2AF
T2t ALt

FXH QAs CHAl 1XAHE 249 2XF a2 FRECH 155 @4 += Key, Loudness, Tempo,
Duration_ms, Views, Likes, Comments, Stream®@F Z0| gt AHNE EHHTH AFAHO|T 24 2HH
XA 24+& Danceability(E 7|0 Hetgh EMQIX|E +=X[3l), Energy(lHX|7} =2 EQIXIE X
2}), Speechiness(EOM TS St= HEE X Of
Instrumentalness (E2H0| 3422 O|F0X
HE 22| 80| Y=XE S¢ff 2o|2Y Its

=
Z0| AZE|IO|oM S8 4S8 S 1 =& K=t

r

fot

B , Acousticness(E240|
HEE X3}, Liveness(
£X|%}), Valence(E20| 2HEQ HE

b Z4S 0|t

0Z 30
uo rir

4

2

ok

OF

SNHCIQ9t S0| 4BTAS LoPLIR e £ ATON BIHCIQI} SHHOR HEE ALK
e R PN .

=

e

= =
st F7| IR0 =7| HO|HA MMd = official video @S 0|23 1 %i0]
TRUE(0)Q! &ots E74

# pandas & 0|83l csvE import & official_video €O0| TRUE Q| #gts 7|0 XMEste IE
import pandas as pd

import numpy as np

file = input("csv directory: ")

df = pd.read_csv(file)

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



HIOJE{ 40 ZXH5tE Youtube CIOJE{2b ®IAY Youtubel| Zts EMSHA| = B2 FII5H
28 Youtube HIOIE AE2ZE TIASIOA SHRACE. = HIOIHO= EMHA| EUAE publishedAtO|2t=
o
=

[¢]
01c> xy ol EGAO| A2 E = A|A HIOIQ 11 X3|& =0l = Ci= AL D= |: 0 EA-||9 AHA—I
o oo =] — [=] [t T T, A2 T [

-

AE (2024 7|F oF 2@ Tt A} AEQ| gfS H|WSIAXt SHULCE Youtube COIE AEZ S A At
8= APl= 22 10000702 28 H$Ho] UACE st 2t HIOJHY & Hol 9Xo| sty Mo
csv IFUZ 4500704 250 XMEFTICE & $Ho| @Xo| BR3Pt 0|fe X2 Fo0ta =+ Hi= =
statistics YAOA 7hH2D, F2E A2 snippet H0A 7t ==, Z8 Yo ChE =3|& 1
3o APl 28 o2 N2|E|7| mZo|C,

# pandas £ 0|83l csvE import & num Z0|9] #oz EE[gfM NHEsE ZE
import pandas as pd

import numpy as np

file = input("csv directory: ")
df = pd.read_csv(file)

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

for i in range(int(len(df)/num) + 1) :
data = df[num*i:num*(i+1)]

data.to_csv(f"{file.split('/")[-11}_{i+ 1}.csv", index=False)

— O
HOEHMO| 2t RS HEEL2 &30t AEYS TAHSs TS| WHZ, tqdms HE 4 T
o= e A ol THojA|ZtE =l = URE YO, Youtube 0| A E0 A= 52 of 20
Lol M= F7t=l= CIo|HMe| et=0 ‘Error'E &SI == HO|HM 0|80 ZH7t U=F SHALC.

# HOolHM 32 8 &% AL
import json

import requests

from tqdm import tqgdm

import pandas as pd

file = input("csv directory: ")
api_key = '(API KEY)'
df = pd.read_csv(file)

# APIE 83 HOIHE I EYst= o o AE
def get_single_video_data(video_id, part):
url = f"https://www.googleapis.com/youtube/v3/videos?part={part}&id={video_id}&key={api_key}"
json_url = requests.get(url)
data = json.loads(json_url.text)
try:
data = data['items'][0][part]



except IndexError as f :
data = dict({'publishedAt" 'Error', 'channelld": 'Error','viewCount": 'Error’, 'likeCount": 'Error', '‘commentCount": 'Error'})
IndexerrorList.append(df['Unnamed: 0'][i])

except KeyError as e :
print(f'Error! Could not get {part} part of data: Wn{data}')
data = dict({'publishedAt" 'Error', 'channelld": 'Error','viewCount": 'Error’, 'likeCount": 'Error', '‘commentCount": 'Error'})
KeyerrorList.append(df['Unnamed: 0'][i])

finally :

return data

publishedAt = []
channelld =[]
viewCount = []
likeCount = ]
commentCount = []
IndexerrorList = []
KeyerrorList = []
for i in tgdm(range(len(df))) :
try :
video_id = df'Url_youtube'][i].split('=")[-1]
snippet = get_single_video_data(video_id = video_id, part = 'snippet’)
statistics = get_single_video_data(video_id = video_id, part = 'statistics')
publishedAt.append(snippet['publishedAt'])
channelld.append(snippet['channelld'])
viewCount.append(statistics['viewCount'])
likeCount.append(statistics['likeCount'])
commentCount.append(statistics|'commentCount'])
except KeyError as e :
KeyerrorList.append(df['Unnamed: 0'][i])
if not len(publishedAt) == (i+1):
publishedAt.append('Error')
if not len(channelld) == (i+1):
channelld.append('Error')
if not len(viewCount) == (i+1) :
viewCount.append('Error')
if not len(likeCount) == (i+1):
likeCount.append('Error')
if not len(commentCount) == (i+1) :
commentCount.append(‘Error’)

else : pass

df['publishedAt'] = publishedAt
df['channelld’] = channelld
df['viewCount'] = viewCount
dff'likeCount'] = likeCount
dff'commentCount'] = commentCount

df.to_csv(f"{file.split('/)[-1]}_output.csv", index=False)
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# HOJHM Zg A=

import os

import pandas as pd

file_list = [(ItY Z|AE FE)
df_list = [pd.read_csv(file) for file in file_list]
df_combined = pd.concat(df_list, ignore_index = True)

df_combined.to_csv(‘combined_file.csv’, index = False)

O|F, Ho|EH4 ol H 7[=HQ OlgX|let AFXE LOLE7| ffof AZE[LO] AEZ|Y o

Youtube Z=2| ZtO| scatter plotE 2= Zut, Chg1t 22 O[¢X| HO|HS0| LA ALY,

Stream vs ViewCount Scatter Plot

Stream Count=83.43436M
7B View Count=6.591129B
likeCount=17691461
commentCount=0
6B Artist=CoComelon
Track=Wheels on the Bus
5B
- L ]
c 4B
3
0o .
O]
= 3B —
2
> . .
° ° o0 ° [ C
~ ° °° .o °® L ° °
L ] L] L]
e 2 ’3’.‘0 "}::'“. N . ° °
L4 ... %0’ RS o
5 5!,. et @
0 0.5B iB 1.5B 2B 2.5B

Stream Count



7B

6B
5B -
View Count=4.22865B
likeCount=10001949
T 4B commentCount=0
o Artist=CoComelon
O Track=Baa Baa Black Sheep
= 3B —
2
> .
L
2B . . '.: L4 .
L] L
o e Fase e e e e
z ‘t‘.‘o }}::‘”. o0 00 . ¢
A ..-“..",.'. 2% .
0 Ou G
0 0.5B iB 1.5B 2B 2.5B
Stream Count
7B
L]
6B
5B
Stream Count=22.63272M
2 4B View Count=3.552475B
3 likeCount=8154051
] commentCount=0
% 3B Artist=CoComelon °
= Track=Baby Shark -
28B = -
L] ..
. .o. . . .
“. ...t. o o . °
"Y:“.z' s .
0 SIS
0 0.5B iB 1.5B 2B 2.5B
Stream Count
O|2{gt O|&X| HO|HE2| EFE 7| fIsH 2t Ho| o S0 HSEl=X LotE = U= AHH
E|2 MHEEOl HElZ HASI0 A2 TASHACE &M Zi, sal ots8 2% 59 4% AXE|D
O] 2E2|Y =HLC} Youtube 2|57 ESS| E/ULCE Ol 522 058 3% E4d 28 2E2Y
EC} YoutubeE &t 334 MUL=E IflEl= 27 M= KO[/AL, HO[EHA 0|80 AXM Z &
StS & £ Ot moHict 0] 359 Artist Name2 CoComelon2 2 £ &[0 USRUZ|0 is_children &
2 F7I5t0 Ots8 SUQRIX| {2 E one-hot encoding2 &3l Boolean HEHZ 7|= 5} SLCt
# 58 U 0t58 89 o/ TR 93 ¥ %7t Ac
df['is_children’] = df['Artist’].apply(lambda x : 1 if x == ‘CoComelon’ else 0)

8



Est 29oto| 2O UXIZE 7|=0 str™dQl YYYY-MM-DD ZE E0f 7|0 HUEE intd HO|HE
0| 83t7| 2I8ll publishedYear €& F7t5} 2Lt

# publishedYear € F7} T E

df['publishedYear] = df['Artist'l.apply(lambda x : 1 if x == ‘CoComelon’ else 0)

2-4. Feature Engineering
Feature EngineeringO|Zt GIO|E{AO] CHSE =0 @ XA S AHESHO EHad S HAlgld §9 ¢i2E
= tS OiCt 2-32] O|MX] % ZEX XNEl= 23t Feature
Engineering 7|8 & SILEZ = = UX[T XN2| E
2ot X}

St 1 o|=0f A 7| ol oM CHE
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(o]
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il
o
rot
M
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HU
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rot

oLt

Feature Engineering2 CtA| 37| Feature TransformationZ} Feature Interaction@ & Lt= == QULC} Feature
g g

Transformation2 THY FeatureOf CHsl 2= 3 AHYS == MY 52 ol0stH, HdzL 23 H®
ot 52 O|&3IAH EICH Feature Interaction2 O 7H2| FeatureOff CHSH Zf Feature ZAIE MEA =7t5t

=
of of5e =+ A=E sh= 7|-o|Ct

OF
4%}
o

Feature Engineering®il AOME 3|7 ZHO|A  StandardScaler, MinMaxScaler S8 A2}

StandardScaler= EEE TIlSt= Scaler2, {7l FeatureE H#0| 00|11 £4H0] 10| [ E& A Y

. OIEA 2 L0 TAHE Hys 71RAIR EAE2E 7HXA ECh MinMaxScaler=
e OE

AO|Z wghsiCE 2t oA AtS W

Il

H oo

o
(i) = 1
ECigrar z[Sgtel Xo|2 LA ECh o2t HietE TIsHA B ZEol stEngoM £F Efu\-
o] @2 758 F0 a&s5te 9EE =2 = UCL

Feature Interaction 20| A M= MEA 2L 3|5, £E0tR =, U= =0 CHs] S7HEZ M=

2 B2 Folotict

kU

# delta_view, delta_like, delta_comment &€ F7} ZE
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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7|22l PCA(Principal Component Analysis)@t T-SNE 7|8#S 83|, HO|EHo 242
HA 2K 20| HetE A|ESIRICE Ol & A2 XM F(curse of dimensionality) &
. AHRel MFE& OIOo|Eel XHO| S7tetol et Ho|He| EZL 3[AsX|1, 0|2 QIs|
2t(overfitting) |®0| HX|l= A2 2lO|tC HAZHoA= O|H EXME mst7| fIsh A HAE
g = QUCH olst Xt =& V¥ 3A EF XMAH(Feature Elimination), £7% MEH(Feature
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7| 0|Ct. PCA(Principal Component Analysis)=
| ot M 7ol o] &2 Ho|Eel &
C

StH, o2t g2 HIo[Hel 240 =[Cf

[ILE S

mjo
=
rr

o

=
7 2 F&(Principal Components)
t2 LIEHHCE PCAE 502t 23H(SVD)E AH83H0] HIO|Eel F2 =& Folsty, 4 =
C 7|8 HolHe| HMEHNQl XRE mMSt= O HdtH, HO|He| Fa HE

= &5 Wet AEs S2EMN Lo|= HA AM 2Eds =0l O 7Iogttt
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$HH, t-SNE(t-Distributed Stochastic Neighbor Embedding)£ GIO|E{Q] ZAX AXE ZESI A|ZtH
o2 mHSt= O SatE HME XY 54 7|#O0|Ct t-SNE= DA H|O[EOM F HOjY ZQIE 7H
FAEE SEHLE Aot 2, 0|8 MAHR SUNME FASHA |ASI=E ofjE$tct O 2FEOAM 1
Ktelo] =HE 2Zot MAtRIel =HE 2x 7to| FH-2t0|&8 ZAk(Kullback-Leibler divergence)2 X|Ast
St= Z( Azt dnz2|ES ARSHCE Ol2{et E4 HE0| t-SNE= HlO|He| #Eztet #2 4™ mHS
TS| A|Z2tstH, 3] HO|HQ| 0|2 HAE Z=xdt= O FESICH CHE ARl ol FX&s of
=2 7lsdo| 1, A4t HEO| &L= THFEOl UL
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24 ZnL Viewst 2= JiYo| JHE RASt A2 Danceability-Valence®iCt. 0|20 =
Energy-Liveness?t MZ FASH 2= @S 0|1 URUSH, 0|23t 2AF AA| =242t o035t
FAE 2T FHEHSHACE

t

M

rir

Views?} Danceability@| &22AH 9| AL, Danceability®| %0| 39| H2Qt UXTH
O|®S Zo|2tn TCHSEQIC 73, EDM(Electronic Dance Music)OlLt E3(Funk), Pop
A

S

=
2 getqez Danceablllty =2 =0 £C) sl 2 82 MveE HHM=Z =hafst
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- =]
A eiZElof Yl olg WAl S0l A X 2SS MEY, ASH Sit ol0js MBEAS ¥y
7| GBOl HOR ST
3-1-2. DBSCAN

l

DBSCAN (Density-Based Spatial Clustering of Applications with Noise)2 2= 7|¢t S2{AHZ Zn2|E
oz Holy = ESO0| &otLt EZEY U=KE 7IZ22 SHAHE AJBCL Ol SHLH ¢

I.

[y —_— — o
Ef7F 0| ot 30 2itHoz #Hste & U2, K-meanset 2| 22{AH Ji+E AHO 2
g 227t fitte o[FE 7IEth ofe Zn2[E2 gt 22 HEs AN =8E gt
1. E9Y 82 DBSCAN 2 & 7HX| 8 SIO|HIiet0lEE AHESHY ZHE HE “golettt

~
o —
. 2PAHE T 22 A2

1
m

- minPts: ot S HAH L{O| ZE[O{0F & XA HOJH ZQIE JH=

2. EQIE 27 9| Sto|MIt2t0|HE 7|ECE, HO|H ZQIEE M 7IX|2 2F%HCt
-S4l EQIE(Core Point): £ BHE LHO| minPts O|%} G|O|E ZEQIEJL mEtk|M, oiT ZQEE
SHAl LOIER ZHFEICE
- 4A mQ |E(Border Point): € EtZ LHO| minPts O|2t0] ZQIEJ} QEHEIE, ST ZQIET}L Al
ZOIEQ| ¢ HHA LHO| AT HA ZQIEZ ZHFEICEH
- iolf(Noisy Point): e{d ZEQIEEX OtL|W, ZAH HEQIEOE £#3tX| Ys EQAEEs LO|=E
LHFEICH

3. 282y dYd: 2R Y ZQEE Mz FE510 SHAHE Fddotth ojlf EA ZQE=

s
ro o>
I

= {AH0| Z2EH, M22 S2HE Y90tk w@eCh Eot 2=t
HOolE ZQE= LO|Z2 ERED, OF S HOIES O|gXE &12FE UFAM
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2 EBF0ME X7 K= 3t&(Self-Supervised Learning) 7|8F MLP(Multi-Layer Perceptron) 220t H|X| =

)
22510l HolH2l EFE stadtl wUSSIRICL Ol J&dtATE PCA

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.ReLU(),
nn.Linear(64, input_dim)

def forward(self, x):

return self.model(x)

siE M= U3 Oo|E 2 Xt(inputdim)2 AIZCZ, 128702 24 HF&(hidden_dim)at 64X+

HE 3 CHA| Q2 Koz ELste 2XRE I

ReLU(nn.ReLU)Z T+ &[0 O'OEH O|E &dff HIMEA Mol A S| 2t Ql st&5E Z2SIQICt Eot
o
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N
)
ol
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r
re

A Y

o o4
=)
-}
—
>
]
Q
ot
x
_HR_
oot
4> o

2dst g¢)s KP‘*OE SS=E “golotitt 0| &3l HOIHE 2t AZHAM My Heatnt BMY
gigls HEXoz AXH, 2E0| Y H0|H2 sAHY EHN HAE o452 &= UEF StALCL

sie REE ZAHT S HSIAS M, PCARL t+-SNEE 8% Al4%t Aute 24ZF Ch31t Zotct
PCA AlZt=h= CIO|Ho| HEtHQl Zzet HENOl x5 qutfez mosiRn, #Ho S8k £
dUHez 2 HOIUCL oHH t-SNE= OISl =4 & =0ty =8 URe iR BAE
deis| HoFRel, 58 =H0| 228 FH = LE Z8e ZIE AlA4Hez 2Ql5ts O HuH
weElottts OIS ZHX L UARALE
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Principal Component 2

TSNE Component 2

1e9 PCA Visualization of Clustering Results - MLP
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3-2-2. VAE

SAHZN JAOAM HHHES =87 st YWHOZ VAES O|83IIAF A|ESISICH  VAEEL
Variational autoencoder?| ZZ & generative model2| ZZO0|C}. EncoderE &3H inpute MXAHAS| HIHZ

°13d £, 0] IS CiAl input2Z Decodingsts As stadtA &Ll EHAHE 0 28 M,

Of

ﬁﬁ =0 =
HOIHE MA@z Heatdt= IPFF0A 20| 245 SY22M HO|H 78 2AE MARC| HE7t &
2 = Ut £t E=O0|=7F ZetE HOHE N s

SHME MAtAEC| HEZ 0|0
o

i S0 M22 HOoHE 44" + Ut

Cluster
L]

LI
©ONO B WrO
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o~
O
a

-15

=20
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o

8l VAEZ S AHE oF Zuo|ch MLPoMel E{AHFar &2l HOHS0| A§%t =X

==
[=) =
Xot ROQIN Mys %S Hx: FHAHTY Eot HU=2 EX 62 2 2 5+ ULL

Ol &, 7IE THsIAE Ml 2d (MLP)E 08¢t E2AHE 0 H) VAEE 0|8 EHLHES
g0 7|2 oA MK R52E & + AAUC
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= 1 o
siaet T34, F0t2 4, W2 4 50| 27 EMS TSHUCL EB KNN RegressionS Sof SO4H
Qolnt AL 3|4 2 HBBAS 2HSHDA SHoiCt

OHH, feature 7t SEHEAE EC Moz HESH| s, 2|7 taskOlz H2id 7|2 XE5IRACL
59|, Transformer2| Attention HFHLZ S ZH0| H3H2 =2 = SIULCE Transformer= ‘Attention is All
You Need (2017)0IlA AJHEl 2 OFF[EIN'E, =F HNSOM & £ UX Attention HAHLIZS 7|Et2
2 HOoIHE Nzlst= Aol 7ty & EFo|Ct

—

Output
Probabilities

Add & Norm
Feed

Forward

Add & Norm
[ Add & Norm | .

Add & Norm Multi-Head

Feed Attention

Forward 7 7 Nx
— ]

Nx Add & Norm

~>{_Add & Norm | Masked
Multi-Head Multi-Head

Attention Attention
A y) A y)

\_ J . —
Positiona @_@ O—@ Positional
Encoding Encoding

Input Output
Embedding Embedding

Inputs Outputs

{shifted right)

T Vaswani, A., Shazeer, N., Parmar, N., Uszkoreit, J., Jones, L., Gomez, A. N., Kaiser, t., & Polosukhin, I. (2017).
Attention is all you need. Advances in Neural Information Processing Systems, 30, 5998-6008.
https://arxiv.org/abs/1706.03762
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Attention2 U OO LHOAM F23F 220 O &2 75X|E F0i510], 2 20| HO|HO| 4=%t&
& = UEE =L EY|, Self-Attention= OIO|EHS| RE 247t MEOH 2 FH,
=A0f| o|ESIK| U1 HH XN2|E 7tsotA otCt olzfst 2 2 F5Y

o g
oDy, 233 HOIEO SN mofste o RSt w2tk A O, NP S B&XQ Ho|
L

et 2efoles Y HolHAME st EHeld 2RO Transformer2 X 8dhE AlX EDH 25| 0|F
x| QUC} Attention HHLIZS Sl feature 7t HAE st&stn, ST HUYE ZAAE TNz
pEdg = 7| MEOICL 53|, 7|ES| Gradient Boosting ZHO|
Transformere O|O|E| Zto| S%&fot o|EME o550 O &2 oF ds2
M OO|EHe d&H HO|HE 2F BNECZE Mg &= UCh= oS 7t
10 ME TabNET?2 X TabTransformerE 2|7 taskO| &3t =0, 0] F 222 ZF Attention HFH
LIES = stHM HE HolHAMel Nelo| Extlof ACH

41, MY J|HS 28 WA

4-1-1. OLS Regression

OLS(EAASE)E 8% the MY 32 L12FRH HEGHEJULL M SHZOIN MY
(Linear regression)y= &% P4 yoF of 7 Ol S& B4 xefo| My H4HUAE ZHYSt= 2/HE
M 7|¥o|ct XA AHSH(OLS, Ordinary Least Square)O|2h OfF HIO|E{7} OB S Al 2O FMHMES

o 0

a2|7] flgt L¥ T StLIoIC F, 2Xel Mas xasots 2|fAs F¥sts YA ot

The Least Squares Method

SS(re.s'idua[s) = E (y i 5} i)2
i=1

e U 2[HoMel 2l FE2 Ch3ar 2o

0SSE
35 =2 (yi— B—az;)(—1) =0
J0SSE

= . — B —az;)(—z;) =
dex 22(!]; B — azx;)(—z;) =0
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b —
Y 22 — nz? > (zi — z)?
B_Zyl_azx’l (A—g—&j
n ’
OHE MY 3|fol FQ, ZAutds yof geks F& oIS X7 o2 74Ql Z0|=22 Cf21t 20
H=Z Pl TIct
b L x, xpx, | By &
V) L xy xx, || B 4 &
yn l xnl an'”xnk ﬂk 8”

SSE = (Y — XB)' (Y — XB)
=Y'Y —Y'XB - B'X'Y + B'X'XPB
=Y'Y = 2B8'X'Y + B'X'XB
dSSE
ap

“f=X'X)TX'Y

=2X'X)B-2(X'Y) =0

0|2} &2 OLS Regressiona H|O|E0f ZH XE5IRULCE

e

# HIOJE Efg =l 5l gigl

import pandas as pd

import numpy as np

# Stream, viewCount, likeCount, commentCount &°| H|O|Ef E}Q 20l

print(df[['Stream’, 'viewCount', 'likeCount', 'commentCount']].dtypes)

# =AY OOJHZE Bt (Hete &= Qe U2 NaN 22 X2|)
df['Stream'] = pd.to_numeric(df['Stream'], errors="'coerce")
df['viewCount'] = pd.to_numeric(df['viewCount'], errors="coerce")
df['likeCount'] = pd.to_numeric(dff'likeCount'], errors="coerce')

df['commentCount'] = pd.to_numeric(df['commentCount'], errors='coerce’)

# Stream, viewCount, likeCount, commentCount €2| G|O|E E}Q Zol
print("#n")

print(df[['Stream’, 'viewCount', 'likeCount', 'commentCount']].dtypes)
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# A A}

=8
Stream float64
viewCount object
likeCount object

commentCount object

dtype: object

Stream float64
viewCount float64
likeCount float64

commentCount float64

dtype: object

flet 20| Ho[E EfglE A =Hls= =,
X E =olst = HAHSHALY.

print(df[['Stream’, 'viewCount', 'likeCount', ‘commentCount']].isnull().sum())
# AFX HAH (BEX7I e S 2F HA)

df_clean = df.dropna(subset=['Stream’, 'viewCount', 'likeCount', 'commentCount'])

HFH2= OIS 2HE M8 ZES Zno|tt
import statsmodels.api as sm

# S8 piret 3 @S 83
X = df_clean['Stream’]

y_view = df_clean['viewCount']
y_like = df_clean['likeCount']

y_comment = df_clean['commentCount']

b

(02l

+8 %7t
d

#

X = sm.add_constant(X)

# viewCount 0| Ciot 2|4 24
model_view = sm.OLS(y_view, X).fit()

print(model_view.summary())
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si+ot RAMICIRQ T34, Fotas, Wa4

A4S y2 LIEILO 42l o7 &2

CHE22 Spotify 2E2[Y 3¢=ef FAH|CIR X352 A E OLS 2| 245t Auto|Ct
OLS Regression Results
Dep. Yariable: viewCount  R-squared: 0.390
Model : 0LS  Adj. R-squared: 0.390
Method: Least Squares F-statistic: 9705,
Date: Sat, 12 Oct 2024 Prob (F-statistic): 0.00
Time: 00:07:05 Log-Likelihood: -3.1576e+0b
No. Observations: 15168  AlC: 6.315e+05
Df Residuals: 16156  BIC: 6.315e+05
Df Model: 1
Covariance Type: nonrobust
coef std err t P>t [0.025 0.975]
const 1.85e+07  2.52e+06 7.335 0.000 1.36e+07 2.34e+07
Stream 0.8175 0.008 98.511 0.000 0.801 0.834
Omnibus: 21266.241  Durbin-Watson: 1.560
Prob{Omnibus): 0.000 Jarque-Bera (JB): 13493113.909
Skew: 7.953  Prob(JB): 0.00
Kurtosis: 148.296  Cond. No. 3.b0e+08
CH22 Spotify 2E2|Y 3= RAH|C|Q F0tR £ ZAE OLS 2|7 M Zuto|Ct

# likeCount Of CHSH 2|4 24

model_like = sm.OLS(y_like, X).fit()

print(model_like.summary())

OLS Regression Results
Dep. VYariable: likeCount  R-squared: 0.461
Model : OLS Adj. R-squared: 0.461
Method: Least Squares F-statistic: 1.299e+04
Date: Sat, 12 Oct 2024 Prob (F-statistic): 0.00
Time: 00:07:05 Log-Likelihood: -2.3804e+05
No. Observations: 15158 AIC: 4.761e+05
Df Residuals: 151566 BIC: 4.761e+05
Df Model: 1
Covariance Type: nonrobust
coef std err t P>t [0.025 0.975]

const 8.723e+04 1.5e+04 5.830 0.000 5.79e+04 1.17e+05
Stream 0.0056  4.92e-05 113.965 0.000 0.006 0.006
Omnibus: 21569.566 Durbin-Watson: 1.627
Prob(Omnibus) : 0.000 Jarque-Bera (JB): 15441473 .248
Skew: 8.137  Prob(JB): 0.00
Kurtosis: 158.512 Cond. No. 3.50e+08
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OFX[2t e =, Spotify 2E2|Y Aot FAH|C|R F0t2 = AAE OLS 2| 44t Z1to|ct
# commentCount Of CHst 3|7 2XM
model_comment = sm.OLS(y_comment, X).fit()
print(model_comment.summary())
OLS Regression Results
Dep. Yariable: commentCount  R-squared: 0.082
Model : OLS  Adj. R-squared: 0.082
Method: Least Squares F-statistic: 1346.
Date: Sat, 12 Oct 2024 Prob (F-statistic): 1.74e-282
Time: 00:07:05 Log-Likelihood: -2.0708e+05
No. Observations: 16158  AIC: 4.142e+05
Df Residuals: 16156  BIC: 4.142e+05
Df Model : 1
Covariance Type: nonrobust
coef std err t P>t [0.025 0.975]
const 271.3415  1941.050 0.140 0.889 -3533.350 4076.033
Stream 0.0002 6.39e-06 36.694 0.000 0.000 0.000
Omnibus: 44260.587  Durbin-Watson: 1.530
Prob(Omnibus) : 0.000 Jarque-Bera (JB): 3701863234435
Skew: 40,570  Prob(JB): 0.00
Kurtosis: 2422.640  Cond. No. 3.50e+08
XS7K| 2E2|Y RRES X35, F0tRs, W3 429 3EME o ZIto[ch i
o REEE UEH= BEATE 7|z oH AEZ|Y £ RRE F0tQ7t 04612 7t
APATE 718S & = UCL BHH SiZ2t0| A= 00822 7t RULE
olgiet HAZE AMAH2ZE LtEIHLHOX}L MFEQ} fitted 2| FHME IHEULEL
169 Stream vs viewCount
L]
8
6 . L] .
. ° . . . 4 . wevACQun(
o o . .....! .00.. o o —— Fitted line
2
o
as
1e9
167 Stream vs likeCount
5 ® ® fkeCount
4 . = Fitted line
E] ° ®
2
1
o
35
1e9
le? Stream vs commentCount
15 commentCount
—— Fitted line
1.0
0.5
0.0
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OIAK 9 HEK HANME AAZHUKD
1o HEE JMEXS Lo AR lEEE

—, o

# QIE{EHE|E AMME 0HS7| - hover data 2 F7F HE HA|

# Stream vs ViewCount

fig = px.scatter(
df_clean,
x='Stream’,
y="viewCount',

hover_data=['likeCount’, 'commentCount’, 'Artist’, 'Track’],

labels={'Stream": 'Stream Count', 'viewCount" 'View Count'}, #

title="'Stream vs ViewCount Scatter Plot'

# o =2

fig.show()

Stream vs ViewCount Scatter Plot

8B

Stream Count=1.521255B
View Count=6.415848B
likeCount=43829576
6B commentCount=2247357
Artist=Charlie Puth
Track=See You Again (feat. Charlie Puth)

4B

View Count
View Count

2B

Stream Count
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T= 38}

Stream vs ViewCount Scatter Plot

Stream Count=3.362005B
View Count=6.340907B

o likeCount=33535073
commentCount=1176897
Artist=Ed Sheeran
Track=Shape of You

2B 3B
Stream Count



ChE22& =AY HIo|HT

Z{olotnAt S|EYE 2L

olop A{EH

2 T

# =Xt (int, float)

numeric_df = df_clean.select_dtypes(include=['number'])

# 21 =9

#print(numeric_df)
import seaborn as sns

A% AN

corr_matrix = numeric_df.corr()

# 2} feature 29|

Zrop
HA =

# SAT74 02 0]gel

filtered_corr_matrix = corr_matrix.mask(np.abs(corr_matrix) < 0.2)

H7|1 4HX= NaN o2 g

# S| EW 2|7

plt.figure(figsize=(10, 8))

MESE humeric_dfE&

ot

—

rin

o
o
T

]

2} featureS

7}o

to| dEA+E LOotE7|

—

sns.heatmap(filtered_corr_matrix, annot=True, cmap="'coolwarm’, vmin=-1, vmax=1, linewidths=0.5, mask=filtered_corr_matrix.isnull())

# 2= HMZat = yols 4
plt.title('Correlation Heatmap (Only 0.2 or Above)')

plt.show()

Correlation Heatmap (Only 0.2 or Above)
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Views -
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4-1-2. Ridge & Lasso Regression

O] 9| Linear Regression 2 &S E M, least squre solutiong 7otA & [ ZE0| CtSat 20| It}
A STzt

- X -1
[3"5=arg[r;1m Z()’i -xB)? = (X"X) X"y
i=1

=, FSX7F R HMAM ZZO0| Ho[Ho| A HY=HL 2FE 5 UCtk= 2[0[O|C}. HIOIH7F B
OtX|H 1M eh(overfitting)0| SZEl= G0 =F0| =X|2, +& 7Ise HOIHS & eHFdHO07| HE
of, MetHQl HIojHE &8sty woeh &S US7| fASiME rtshregularization) b2
Ct.

—

M CHR OLS 3| HOME ZHEXI0| CHel EXtvariance)s ZAsISteE 2t 2 IE2A =ct gLt
bias@t variance= trade-off A O|E 2, bias?t ZS7ISIHEE varianceE O ZO0|1Xt M33t2 0|8 33
St= Zdo|Ct

—

Low Variance High Variance

Low Bias

High Bias

L1 Regularization
N K

Cost = Z{_‘v‘:—z\ iW* —-Zl'tl

i=0 J=0 j=0
L2 Regularization

N M M
Cost = Z(_v. —Z.\,,H;}J *;-.Z w?

Loss function Regularization
Term

L1S LASSO, L22 RidgeZ =CHH Q|9 ZH0| CostZ EHEl A0 M, Regularization termO| X}O|7} Z= XY
Ag & == ULt LEXR JE-OM MAZAD MSEZL DHLE, HMAXRHES THEFRSIHA 0f2{7F Z[A
26



UEPNES

njo

HZ = AL OHERQ} {12 ZtZE Regularization termOj| A H| &L AL}

ot

O|F HIolEo XY Mool dN2|EL 5= HluWs|LAX} ottt Arget 2to[=22{2|= CiSah Lt

r

import pandas as pd

import numpy as np

from sklearn.model_selection import train_test_split

from sklearn.linear_model import LinearRegression, Ridge, Lasso
from sklearn.neighbors import KNeighborsRegressor

from sklearn.metrics import mean_squared_error, r2_score

S TEHSE HAFIFJL, M traintest=9:12 K| HULCE

# SY #2002 35 By 87

X = df_clean[['viewCount', 'likeCount’, ‘commentCount']]
y = df_clean['Stream']

# OIOJE| 22| (28 MESI HAE ME)

X_train, X_test, y_train, y_test = train_test_split(X, y, test_size=0.1, random_state=42)

2 ¢ne|ES HWSfENAF CHet of WEs HEWE(D, O Zit Y =27, Ridge 2|7, Lasso
gl 2F ZFAS7E 056792 £ UHee AS =AY + JUAU2H, MSE UM 228 XH0|E 2R
Ct.

#1. M3 3|4 (Linear Regression)

linear_model = LinearRegression()

linear_model fit(X_train, y_train)

y_pred_linear = linear_model.predict(X_test)

r2_linear = r2_score(y_test, y_pred_linear)

mse_linear = mean_squared_error(y_test, y_pred_linear)
# 2. &X| 2|7 (Ridge Regression)

ridge_model = Ridge(alpha=1.0)
ridge_model.fit(X_train, y_train)

y_pred_ridge = ridge_model.predict(X_test)

r2_ridge = r2_score(y_test, y_pred_ridge)

mse_ridge = mean_squared_error(y_test, y_pred_ridge)
# 3. 2tA 3|7 (Lasso Regression)

lasso_model = Lasso(alpha=0.1)

lasso_model fit(X_train, y_train)

y_pred_lasso = lasso_model.predict(X_test)

r2_lasso = r2_score(y_test, y_pred_lasso)

mse_lasso = mean_squared_error(y_test, y_pred_lasso)

Linear Regression: R* = 0.5679, MSE = 32000491345920384.000000
Ridge Regression: R? 0.5679, MSE = 32000491345920380. 000000
Lasso Regression: R? 0.5679, MSE = 32000491345920388. 000000
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4-1-3. KNN Regression

o

H, K-Nearest Neighbors (KNN) 2|7 €12|52 &30 AN ROJOI YouTube Z=3| XFOIOH 0|
A

[
Y= AL SHRALE O|F U3 HIOIHM
s

rir

N 2!
o HME9t 2, O feature =0 7Y &2 Hs2 EO|=X 5*0._|3P9"1Ef. YK EEE=
NRMSE(Normalized Root Mean Square Error)2t 2™ A 4=(R-Squared)E AHESIRILCE O NRMSE= RMSE
w2 HAE HOo[EMel xCigtar X|£gfe| X2 Lo Hustst X|g2, 0| &d ECH 80[st Zqt

KNN SIFE B4 7|7 s 2nel5oz, g5skais ol 1% 7he khel o1 Holgg &
= sof 052 , 2

sdottt =, MZ2 Ho|H ZQESt 7|E Ho|H Zte
o
=

M, 7|EH 2 Artist, Danceability, Energy, Key, Loudness, Speechiness, Acousticness, Instrumentalness,

Liveness, Valence, Tempo, Duration_ms, Licensed, official_video, Stream, is_children, publishedYear2| & 16
IR ESE SERES W HIXER FUCE Ol Artists 7|E HIO|EHMOME EXHE HEHS| OO|E

= =
Et2S ZHXIL, staS fIof 4 OfE|[AEE=2 QHAS OjA F+Y HOIHEIRCRZ HeatstRict

_1—=

- 5% HAH X (K = 3): 0.0382 (NRMSE) / 0.5071 (R-Squared)

Danceability, Tempo X (K = 3): 0.0377 / 0.5203

Valence |7 (K = 4): 0.0373 / 0.5294

Instramentalness, Tempo X (K = 5): 0.0376 / 0.5227

Danceability, Key, Instramentalness, Tempo M7 (K = 7): 0.0366 / 0.5478

Danceability, Key, Valence, Instramentalness, Tempo A|7{ (K = 14): 0.0375 / 0.5255

o, 7t& =2 M58 EJH AL Danceability, Key, Instramentalness, TempoS MAWS WACL =
%A E4 F Energy, Loudness, Speechiness, Acousticness, Liveness, Duration_msE t&A|1ZS I 7+&
480 =2 AS &g = UANUCL
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1e9 KNN Regression: Actual vs Predicted

@ Predicted vs Actual

61 — perfect Prediction

5

4

3

L]

2

1

o

0 1 2 3 4 5 6
Actual le9
Sk
<HA| Feature St&>
1e9 KNN Regression: Actual vs Predicted
@ Predicted vs Actual
64— Perfect Prediction
5
4
3
L]
2
14
0
[ 1 2 3 4 5 6
Actual le9

<Danceability, Key, Instramentalness, Tempo |7 >

1e9 KNN Regression: Actual vs Predicted

® Predicted vs Actual
| = Perfect Prediction

Predicted
w

Actual le9

<Danceability, Key, Valence, Instramentalness, Tempo H|7{>
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J2{Lt olgfst ZItE cthed| O{H S4TH0| Youtube P4 Z3|4=0f FES O/X|AHLL, AZBAEZE %
X| f=Ctn sfMsts A2 ST 7H8, 7IEF-0M ValenceTtE MASIRIE e 0.52942 AFH
US 7Kl AS =l £ QUL d2{Lt Danceability, Key, Instramentalness, TempoS HMAMS
(0.0366 / 0.5478)°t, 0|2 F7IH2= ValenceE MAYS WH(0.0375 / 052555 Hlue Al HX7F O =

o _ O o O & S
2 ds2 0|1 /USE =0l

mjo

mjo

4-2. Y2 J|HE BEH Wy

4-2-1. TabNetRegressor

i i
' '
| Attentive :: Attentive
|
1| transformer 4 transformer
i i
. Il

Step 1 Step 2
"""""""""""""""" Y
X D—— - —{— Output
h |
1
M - |
Split T Split '
" 1
i | !
Feature ! Feature ! S Feature !
transformer |, transformer :: transformer |[!
|
]
'
|
]
|
'
J

Features
®
(a) TabNet architecture
Feature Attentive
transformer transformer
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w
o
Y
@
®
E
o
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(b) Feature transformer (c) Attentive transformer
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TabNet2 'TABNET: Attentive Interpretable Tabular Learning (2019)0llA ZtEE HE3Z, Attention |7
LIEES &85l sts & 5%t featureE X2 MESI= Y HO|H 5% HEld 2
HOIHE o2 tHA =z gt= M5, Satt 2= EESID 2Rt §E=
OIC} Al TA QARL
O, O|E &°ll Y™ CO|E{2| featureE HITIHSE 3t&6 0| YO|O|EDICE TabNet2 feature T8
EE JFEA 7|dtez MY £ U0 =2 2E 4 JtsdE2 MSSHH, Gradient Boosting

x

=
Machine(GBM)T} RAISH 452 HOIZ HO[EOA T8E + = ZHS 7Hxa ULk

O

||:|. o|E=I

CIA|™ A B(Decision Step), Feature Transformer, Attentive Transformer S0| 2

TabNetRegressor®| 42, pytorchOA XNSots 2O|EZ{Z|0AM iy ZEHS S2{M AIEY = AT
Z

= AA
= X5t QIoh o|F Zesto] EoM &8¢ 2to|222|= tHaat Zot

from sklearn.model_selection import train_test_split

from sklearn.metrics import mean_squared_error, r2_score
from pytorch_tabnet.tab_model import TabNetRegressor
import pandas as pd

import numpy as np

import wandb

=1F 20| config M ZE Z2|SHRCE O|F OptunaE &S0 St0|mmtzi0|
C

T8 ofo|mHutet0|E = Ct
f =2 '6-3. Optuna'Of| Al XtM|5| ==SHLt.

B RdS FAIA=E, ©

0
I

# ofo|mui2tolH 27

config = {
"n_d" 8, # Decoder feature dimension size (8~64)
"n_a": 8§, # Attention feature dimension size (n_d = n_a)
"n_steps": 5, # Number of steps in the architecture. (3~10)
"gamma": 1.3, # Relaxation parameter for sparsity (1.0~2.0)
"lambda_sparse": 1e-3, # Sparsity regularization
"learning_rate": 1e-4, # 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)

"seed": 42 # Random seed for reproducibility.

3 Arik, S. O., & Pfister, T. (2021). TabNet: Attentive interpretable tabular learning. Proceedings of the AAA/
Conference on Artificial Intelligence, 35(8), 6679-6687. https://arxiv.org/abs/1908.07442
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# H9 X735t

model = TabNetRegressor(
n_d=config["n_d"],
n_a=config["n_a"],
n_steps=config["n_steps"],
gamma=config["gamma"],
lambda_sparse=config["lambda_sparse"],

optimizer_params=dict(Ir=config["learning_rate"])

# 29 oy
model.fit(
X_train=X_train.values, y_train=y_train.values.reshape(-1, 1),

eval_set=[(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,

AlS] AT I. AX
!

2@ 2, 2845 04252, nrmse: 0.03852t= @f2 22 = AURACH 4-1-3. KNN Regression’2| ‘ds1t
Hlm3H =S [, TabNetRegressor 22 HUHE X2 Hds2 HOQCL 2 EIMAM= Ol2st A4
OIS TabNeto| XX EMO|A HUCL TabNet2 decision step= ALETHCHE A ME20, =8 £4
20| HFEY HOHECH: ALY HOHOAM & SEsts 40| UCH mMatM, HFEF HO0[HQ|
feature 7t H2AES O & ZXst= PSS BAMGoF Sifte ZES AL Ol =ad

=
TabTransformer 222 285t A2 O[O X[A I|RALCE

—
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4-2-2. TabTransformer

Loss

Multi-Layer Perceptron

i)

Concatenation
AT 1‘

Add & Norm \

o

Forward

Transformer Add & Norm
x N

Multi-Head
Attention

\& J
[ Column A Layer
\ Embedding Normalization

Categorical Features ~ Continuous Features
(X4, X2, ey Xn) Xcont € R€

Figure 1: The architecture of TabTransformer.

TabTransformer 'TabTransformer: Tabular Data Modeling Using Contextual Embeddings (2020)'0f| A 2
el 2242, Z HO|HUAM HEH featureE {2 KM2|5H7| I3l Transformer OF7|H{ME X &
ot LXE JIZRICH UWEH featuredf| YHIES M0 LY HIEZ HIISH 5| multi-head attention2

22 feature 20| ASEE BAE St Ol

Se=gl BT feature= TZH2=Z LAY HEH S0
HEE|M, HEY features BT Q10| ZTE|ALL FIHEQ Hetg HA oA Me|=Ct 7|&EQ |t ol
FY(one-hot encoding) YAIELH O 8ot JEE & = Jon, HFY Oo|H 7te| AAE =t

=
Ho=2 stgotd HOolE HolH EMoAM =2 355 =QlCt

4 Huang, X., Khetan, A., Cvitkovic, M., & Karnin, Z. (2020). TabTransformer: Tabular data modeling using contextual
embeddings. arXiv preprint arXiv:2072.06678. https://arxiv.org/abs/2012.06678
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import pandas as pd

from sklearn.preprocessing import LabelEncoder

import torch

from torch.utils.data import DatalLoader, Dataset

import torch.nn as nn

import torch.optim as optim

from sklearn.model_selection import train_test_split

from sklearn.preprocessing import StandardScaler

from sklearn.metrics import r2_score, mean_squared_error
import matplotlib.pyplot as plt

import numpy as np

Lot =F0AM 275 OF7|HI{E HIECE, CHEF 20| TabTransformer 222 HO|SHRALCE

# TabTransformer 22 9|
class TabTransformer(nn.Module):
def __init__(self, input_dim, embed_dim=32, num_heads=4, num_blocks=4, hidden_dim=64):
super(TabTransformer, 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),
nn.ReLU()
)
def forward(self, x):
x = self.embedding(x)
for block in self.transformer_blocks:
x = block(x.unsqueeze(1)).squeeze(1)

return self.fc(x)

MX, embedding A1E2 nnlinear Z&S S &3 GHIO|HE embed_dim 37|2| Xt HEZ Ofd

StCt. O|= transformer_blocks= 012 7H2| TransformerEncoderlLayer2 dEMH, Z 2£2 Multi-Head
AttentionZ &9l feature 7t ZAE Sh&otCh OHX[Tt ez & AA A B(fo)2 Transformer 252 =
s ot 24 wEHS AKX, O|F Sl 2[EFXQ AZetgts S=HotCh ol 243}t gt RelUE =Y
St =2kl HRlE Mot zMN ZHEOl HeEE =O0|1X} SHRULCE &=FIi(forward) 0= AH
IO E AHFStL, Transformer E58 X2z SA|IZICL O|EA =HE ZALE 2™ HE AT



= TabTransformer?t TH|AQl ZAo¥dZ2 nistE O o [26iCHeE E
f

TabTransformerQ| st& ZAME 2= 2 A|Ztztet At AN ZaHfD

= ’
2 =Zolg = UR/UCE ALt =357t 2090] HOo{7t= HO|HE0| HsiM= =2 30| HoXl=s o
o2 LHSHA =0, Ol HIOIHM 22Zo| otAof mE ZALtel A=z F=FEC)
¥ 1€9 Actual vs Predicted ViewCount
3.5 ,/’/
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> R
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5. =&

= S70ME S22l Spotify 2E2]Y 42t YouTube Z&l4 A0[0] HS DjxlE 2018 B
7| 9ok 01T 2 e +USHACE OIS o) 24 S AE2Y e x40 Kjo| U BRE
AN =, 0] BEE JIEO= 0| AW 1, OB 002 UL 0| J|E HO|EA| SOt

i

o
— — [
A feature(Danceability, Acousticness, Loudness )2 SEZHF=E, 2t 21E ZTSHs2 H4Hsi0] 22
7 (o]

stes TYotRInh wot, =8 ZnE Aoty 21E =2

5-1. HAIZY 7|'He 283 YA
Hidd 7|EE &8¢ 27 €T L2:s 27F Eg| 7|8 g5 S FESIRACL 28 E2| ¢
2|52 HIO|E Q| featureg 7[BIC=Z EE| 125 AF5I oA 2F S UEl= Hilald 7|82z, Al

7
Ho =2 ofM5t7| #90 HO|HS| HMY #AE & Mg + UCks -S Aot =g

S = 23 80|
Yetof, ZHO| OfFA Z¥S UWal=X HEHez oty 4 UCh H3ko] svm2 EEld S8 OIT7
S E SO @2 B HAE FESt=H Wi &2

A B2 dTFoM dEE 2R 2n2FeR
=]

g8 E0Fs ZE@2 EUrg=rth

ZZM 22 Random Forest, Gradient Boosting, XGBoost, SYM2| 47tX| RHZ MYSIIACE AM 3749
Yu2|EF2 YHE 7l dnglEeE, dHE &2 oY ol E ZEES XTSH0 MER XFo &

o

=

o
SMste 7|¥8 USH Bagging, Boosting 52| Bt oz FEEICE

Bagging 7|12 Boostrap Aggregating?| ZQEE, 5 =2 Sl 22l HIO|HE MMstn, O
Z9te2 oy 7o =Ml RHEZ M d(Boostrap)®t 2, O|E T Al(Aggregating)std| Z|EE QI ZAqt
AHEStE 7| ®O[Ch BHE Boosting2 7HSXIE 28510 RHo| 452 =0l= 7|8z, o 7o =
2 =XELE o550 7HEXE YO O|ES L7t LAS

=

~—

Random Forest= Bagging 7|'®2, Gradient Boostinglt XGBoost= Boosting 7|'#

E |
margin optimizationg 7|#tC 2 St= Yn2|F0| ot & Ee O U 74X REE 28510, AEZ|
U ZAUE 7H S AH| IHO| X{0|E of|Fst, SAUX £40| o|2{st xtolof O|X|= FE¥S H LA
StOAt SHQUCE O ot HIO|HAlL HIAE GO|HAlel Hlg2 EFSt1, Feature ImportanceE F=5}

=]

of 4% E42 o5t 0|F 2 TS50 &#85t= 59
Ct. OF=22{, Confusion Matrix0fl 7|8tst W7} X|HE 2E50] 0|
AE Znt dAE BHL2 Train: Test = 82 0 A, SYM2 7:3 Of A =
SVM > Random Forest > XGBoost > Gradient Boost =22 &2 accuracyS ZHOISHRALCE,
gridsearchCV s E&3%t0 EC} 28X 22 SI0|HIt2t0|EHE EAMS=
(o]

- o
AtQl stojmutetnle fEOM YdE n2FS0 §=2EE 0= dUE H/UCL
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5-1-1. Random Forest

Random Forest= Bagging 7|82 Ar83t0 02| 7H2| Decision TreeE St&otD 1 ZME A
AT OE5E =E5te gdE ot LEolTE HA, B2 HOIHAM n/ie| ME HOIHE FAfIZ2 =¥
X853 2, 0|2 2} Decision Treelf] AIB2I0] SRHCZ a2 T 2t Eal oy Al Y2 54
(feature)2 FA{IZ MESIO 22 7|&E Hot=0l, 0| &3 E2l& to| A E 0|1, REO|
CHdE S7HAIZIC

S0l g=E 2, 2 salol o5 Yol HF AUES AL £F LA S 4P &
Haoz 2F SFULE HFSt, 27 =Ml E% 4 Eglo OBl HaS AT 22 ALESHt

Random ForestE= 0|2 7HO| SZHQl Decision TreeE AME3}7| 20|, 1M THOverfitting)S YX|E
= A= FEO| AUtk oy Eglo 0|52 SLAEM 78 E2|o| HE0| MMx[BHA, HCt F=ot of
£0| 7tssiX|7] WZO[Ct =t HE HZYAEE HWEH M7t 7hsdt0] 2 HO[HOME HE Shs
52 RAIY 4 Ucks Bl Utk
2E ot Zibes Ch2at 2%

Confusion Matrix
Accuracy: 0.7646 oo
1400
Classification Report: 1200
precision recall fi-score support 5
K 1000
0 0.76 0.90 0.83 1903 ¢ 800
i 0.77 0.58 0.63 1130
accuracy 0.76 3033 00
macro avg 0.76 0.72 0.73 3033 200
weighted avg 0.76 0.76 0.75 3033 ° precitsdlavel

FIIH o=, Feature ImportanceE FES ZLf, ‘spotifyPopularity’, 'youtubeChannelSubscriber’,
'puinshedYear', 'Likes', 'spotifyFollowers' 0| =2 S4do=2 HEE|UCE o[t Ao ZAHSHH s
EMoz DEZ MetEe A, 24 accuracy EHAE olg 5= QUL

Feature Importance

Receiver Operating Characteristic (ROC) spotifyFollowers

spotifyPopularity
youtubeChannelSubscriber
publishedvear

is_children
official_video
Licensed
Comments

Likes
Duration_ms
Tempo

Valence
Liveness
Instrumentalness
Acousticness
speechiness
Loudness

Key

Energy
Danceability
Artist

0.8

Features

True Positive Rate

00 - —— ROC curve (area = 0.82)

0.0 02 0.4 0.6 0.8 10
False Positive Rate
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5-1-2. Gradient Boosting

Gradient Boosting 2 Boosting 7|52 At&5t= S12|E22, 0424 7HC| Decision Tree & AR
H

S&A7 7B XIE YOlO|ESLIZ7HE WAlo|CH o ¢nE|E2 4 20| 0| ZHo| @7 E EtetH
g&ste §20| AUt

Z7| 22 #E&50Me Fo{Zl ZE d|Oo|E{ol CHaH ZF EefAaol ol &&s Hlbtsta, o| o Fztnt
AlM| 2kl ztol xtol, & THRK(Residual)& F&MCh CHS HHH2| Decision Tree = O EHAHE 7[E e
&g TI™SCH o] BtHoM &4 g8 Astete UECE SaLlH, 0|8 Z|X3t57| 28t
o 2 ZASHE ¥ (Gradient Descent)O| AHS EICH,

BAstdEHE &4 g9 7I27|(Gradient)E AHl4H5H0] ZF A 22O o{EAH E&8HOF SH=XIE
Adstct. o] 71271 R oE8t diolE{ol Chal o 2 7H8XIE Foistes WAeE ZHEL. F,
ZEHE oS0 LAE LFE £0[7| 5 MTEIMo=Z JHMELCE olml, & E (learning rate) ZHE
Sl 2Eg x™MstE £ Ut B EF0AME learning rate=0.1 2 13104 S $+-SHACE

ool BFEE[HA ofq 7He| 2 EE7t =xtMez &k, 4 2

| =
|& M52 =QICt Gradient Boosting 2 O|XMEH &=xt&Ql &4

2etstod 2E of
MEMoz JjMst, £ olF M52 MBsch

Confusion Matrix

160(¢

Accuracy: 0.7323

140
Classification Report: 120¢
precision recall fl-score support

100¢

True label

0 0.74 0.87 0.80 1903 800
i 0.70 0.49 0.58 1130 600
accuracy 0.73 3033 400
macro avg 0.72 0.68 0.69 3033 ; ’
weighted avg 0.73 0.73 0.72 3033 Predicted label
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5-1-3. XGBoost

XGBoost(Extreme Gradient Boosting)= Gradient Boosting2 &&st 7|Ho 2, iy LdnEE2 7|E

Gradient Boostingt S3tCt ZF CI|O|E{of CHEt ZF EaiA 9| of

s = % 2
AMStZHE XME35to £METE x[4stste YWACR ZH M58 2|M5Ect ©, XGBoosto| AR, &
Agt+E z|Astete -0 EHIY #&2 S8 2&F 2 AK(Second-order Approximation)2 Z0| TI&ist
ct

£t XGBoosttl M= L1, L2 Hit3h(Regularization)& S35 29| S&42 ANo{gtct. o|lol= HolE

2g ™M 7HKIXIZ|(pruning) EE2&o2M 7|0dE7 ¥2 EE MHeD 2z o HIEE
godstH E2|7t X[LEx|H SEHXIAHL Zoixles [ EX|EtCt 0| S5 7[&E Gradient Boosting2| &
A &0l BHHOIRIE IAEH(Overfitting) EAME gtststm, ZRIo| st ds2 =Qict= ™olM Ol
MEZ 7tEich
Confusion Matrix
1601
1401
Accuracy: 0.7504
1201
Classification Report: .
precision recall fl-score support;f 100t
0 0.77 0.86 0.81 1903 e
1 0.71 0.56 0.63 1130 600
accuracy 0.75 3033 400
macro avg 0.74 0.71 0.72 3033
weighted avg 0.75 0.75 0.74 3033 predicted label
5-1-4. SVM

SVM(Support Vector Machine)2 H|O|Ef 2 79 margin(— ”)% 7 34 BHE= decision boundary
&= 7|22, O] U decision boundary?t 7t 7t7t2 708 ETHO| HIO[E{E supprot vector2t £
7| WEof olz{st HEO| =[ULCt

i

2 .
argmax Wi & argmin |w|stw-x;—b=1forall1<i<n

lw
SVM2 E2i{d O|F0| X A8EH 2F ZEoH F dotdE Xt 2 BFoME "Held 2
U2 BRI BF taskd] YA M5 HDES 9ISH0l BX SVMS 0[S £F IS MU 8L
AE MAHZ S| HOIHE =21 O|E A|A%sty 2xE 205t= 17 do|Ct
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# Load the CSV file
data = pd.read_csv('241029_nonchild_dataset.csv')

# Drop rows with missing values in specified columns
data_clean = data.dropna(subset=['Stream’, 'Likes', 'viewCount', 'likeCount’, 'commentCount']).copy()
# Apply log transformation

data_clean['viewCount_log'] = np.log1p(data_clean['viewCount'])

#print(data_clean['Stream'].shape)
#print(data_clean['Likes'].shape) >> (15148))

# Set 2D input and kernel trick xA2 + yA2

X = np.vstack((data_clean['Stream'], data_clean['Likes']))
#print(X.transpose().shape) >> (15148,2)

x = X.transpose()[:,0]

y = X.transpose()[;1]

trick = x**2 + y**2

# Show data cluster
fig = pltfigure(figsize=(6,6))
ax = fig.add_subplot(1,1,1,projection = "3d")

ax.scatter(x,y,trick)

plt.show()
,‘ 1.2
- 1.0
1 - 0.8
SVMO||A{ decision boundary= ZH&HE OO Z7t|Me| RHHOZAM FoRICE O M C|OJE Zte|

o
HIMEE ZAZ 0|83l HOIEC AHMES BEHOZ 8ijF= ZWO| HEZ kernel trickO|Ct O|HA =HEEl
2
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# Set the target variable

X = np.vstack((x,y, trick))

X = X.transpose()

m = data_clean['viewCount_log'].mean()

y_view = data_clean['viewCount_log'l.apply(lambda x: 1 if x > m else 0)

# Split the data into training and testing sets

X_train, X_test, y_train, y_test = train_test_split(X, y_view, test_size=0.3, random_state=42)

# Standardize the features
scaler = StandardScaler()
X_train = scaler.fit_transform(X_train)

X_test = scaler.transform(X_test)

# Train the SVM model
#svm = SVC(kernel="poly', degree=2, C=1.0, class_weight = 'balanced’)
svm = SVC(kernel='linear', C=1.0, gamma = 0.5, class_weight = 'balanced")

svm.fit(X_train, y_train)

# Predict and evaluate

y_pred = svm.predict(X_test)

print("Accuracy:", accuracy_score(y_test, y_pred))
print("Classification Report:#n", classification_report(y_test, y_pred))

print("Confusion Matrix:¥#n", confusion_matrix(y_test, y_pred))

c¢cm = confusion_matrix(y_test,y_pred)

plt.figure(figsize=(8, 6))

sb.heatmap(cm, annot=True, fmt="d", cmap="Blues", cbar=False)
plt.xlabel("Predicted Labels")

pltylabel("True Labels")

plt.title("Confusion Matrix")

plt.show()

Accuracy: ©.8855885588558856
Classification Report:

precision recall fl-score support

2] 0.83 0.94 0.88 2051 %

1 0.94 0.84 0.89 2494 g
accuracy 0.89 4545
macro avg 0.89 0.89 0.89 4545
weighted avg 0.89 0.89 0.89 4545

Confusion Matrix:
[[1919 132]
[ 388 2106]]
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2= 7, 2&2

ok

train, test, validation setg XZ&E7Y|

Ct. Confusion matrix

u]|

'II:' = x T x
T2 Zit= Chadt 2ok d=2ks % 0892 FYEAUACL
Fotqoz AT of0|0|AM Q| decision boundaryE ot £Hsts A2 B2 gus SHSIH HE
27X 0|L}. M2tA support vectors & 7t SHO| fIXet & & FES £, & #E2| Xi(direction)S
HUHEHZ JXH SHA)E ALhs 3kt BUE AlZd=ige=z=i /fote el ZnE 25 5+ Utk
CHE22 sVM RO =2 IPF0AM AR ZEBEHS ZAH2R AZ4sists AES s

# Infer the decision boundary plane in 3D
norm = svm.support_vectors_**2

norm = np.sqrt(norm[;,0] + norm[;,1])
idx_Max = norm.argmax()

idx_Min = norm.argmin()

s1 =
s2
d=(s1+s2)/2

# Create the decision line (extend it in both directions)

svm.support_vectors_[idx_Max]

svm.support_vectors_[idx_Min]

direction = s2 - s1
line_x = np.linspace(d[0] - direction[0], d[0] + direction[0], 15148)
line_y = np.linspace(d[1] - direction[1], d[1] + direction[1], 15148)

# Decision boundary (a plane in this case)
XX, yy = np.meshgrid(

line_x, line_y

# Plane equation z = ax + by + ¢

a, b, ¢ = direction[0], direction[1], direction[2]
zZz=a*xx+b*yy+c

# Example coefficients from SVM

w = svm.coef_[0] # Coefficients for the plane
b = svm.intercept_[0] # Intercept for the plane

# Plane equation: w[0] * x + w[1] *y + w[2] *z + b =0
# Solve for z: z = (-w[0]*x - w[1]*y - b) / w[2]

zz = (-w[0] * xx - w[1] * yy - b) / w[2]

# Plot the SVM decision boundary (as above)

# Plotting

fig = pltfigure(figsize=(10, 7))

ax = fig.add_subplot(111, projection="3d")

# Data cluster (points)

#ax.scatter(x, y, trick, color="red’, label='Data Cluster")

ax.plot_surface(xx, yy, zz, alpha=0.5, color="red’, label="'Decision Boundary')

plt.show()
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0

# 2D projection
plt.plot(X_test[:;,0],X_test[;, 1], 'bo’, markersize=0.5)
plt.plot(line_x, line_y, 'r")
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10 4
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5-2. H2id JUE BEE Wy

2| taske| ‘4-2. HHYE 7|HZ =8P HAOAM H=%t HeF OFEIIXZ, 2&F taskOME
Transformer2| X 2%t Y12|EFS AFESIQUCE O F TabNetClassifier2 2|7 taskOA AtESHAE

= = =
TabNetRegressort Z&2 ZEHES ALSt= 27/7I0[0, pytorchO| M XSt Z&ES AHESHIULE TabPFN

2 tabpfn 2t0|22{2|0|M X|St= TabPFNClassifier Z&2 AMESIRCO, s Z&2 AH HO|EH A0
Eot|Att= 594 102471 O[5te] HIOIHM S of5g AS HDSLE 0|0 Train: Test CIOIEHAS| H|E
= 8% s st

5-2-1. TabNetClassifier

oM ddst Hiet 20|, 1Y 27 7|= 27 taskel TabNetRegressorgf % Aot DHZ J|HoRE ot EF/
Z|o|ct. o|m sto|mutztolE XMzt =SS F =
o
=

S
Eot TabNet WEACZE MEEl= 7l

Rl

At&et gtoje2i2| 8 Ho|EHA A2 g2 Chant ZL.

from sklearn.model_selection import train_test_split

from sklearn.metrics import classification_report, accuracy_score, confusion_matrix
from pytorch_tabnet.tab_model import TabNetClassifier

import pandas as pd

import numpy as np

import wandb

import matplotlib.pyplot as plt

import seaborn as sns

# 2E2|Y "4 - R X% Ko H@
df = df.dropna()

df_stream = list

—~

df'Stream'])
df_view = list(df['viewCount'])
gap_sv = [i-j for i, j in zip(df_stream, df_view)]

# dd 7517

avg = sum(gap_sv) // len(gap_sv)

# BRSO 3B 1, OB 0
y_binary = [int(i>avg) for i in gap_sv]
df['y_binary'] = y_binary

# At HIOIE{ Bt EH7]7] (TabNET)

numeric_df = df.select_dtypes(include=['number'])
feature_list = list(numeric_df.columns[:11]) + ['Stream’, "is_children’, 'publishedYear']

# AKX HA

numeric_df = numeric_df.dropna()
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# ofo|mui2tolH 27

config = {
"n_d": 8,
"n_a": 8,
"n_steps": 3,
"gamma": 1.5,

"lambda_sparse": 1e-3,
"learning_rate": 1e-3,
"max_epochs": 200,
"batch_size": 256,
"virtual_batch_size": 128,
"seed": 42,
"momentum": 0.3,
"optimizer": "Adam",
"scheduler_params": {
"scheduler": "StepLR",
"step_size": 10,
"gamma": 0.9
L
"verbose": 1,

"device": "cuda"

# TabNET 2@ £7|3}

model = TabNetClassifier(
n_d=config["n_d"],
n_a=config["n_a"],
n_steps=config["n_steps"],

gamma=config["gamma"],

2 x7[5 by

rlo

# Decoder feature dimension size
# Attention feature dimension size
# Number of steps in the architecture
# Relaxation parameter for sparsity
# Sparsity regularization
# Learning rate
# Maximum number of epochs for training
# Batch size for training
# Virtual batch size for gradient accumulation
# Random seed for reproducibility
# Momentum for batch normalization

# Optimizer type

# Learning rate scheduler type
# Step size for learning rate decay

# Decay rate for learning rate

# Verbosity level (1 for basic info, O for silent)

# Device for training, can be "cuda" or "cpu"

lambda_sparse=config["lambda_sparse"],

optimizer_params=dict(Ir=config["learning_rate"])
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# R o5

model.fit(
X_train=X_train.values, y_train=y_train.values,
eval_set=[(X_test.values, y_test.values)],
eval_name=['val'],
eval_metric=['accuracy’, 'logloss'],
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,

#

ok

g 2 45 718
for epoch in range(len(model.history['val_accuracy')):
wandb.log({
"epoch": epoch,
"val_accuracy": model.history['val_accuracy'l[epoch],
"val_loss": model.history['val_logloss'][epoch],
]
# 29 olx
y_pred = model.predict(X_test.values)

# Q7 X7 AL
accuracy = accuracy_score(y_test, y_pred)
conf_matrix = confusion_matrix(y_test, y_pred)

class_report = classification_report(y_test, y_pred)

print("Test Accuracy:", accuracy)

print("#nClassification Report:#n", class_report)

Confusion Matrix

Test Accuracy: ©.6944444444444444

Classification Report:

precision recall fl-score  support

8.75 0.58 0.65 751 &

1 9.66 0.81 0.73 761 -
accuracy 0.69 1512
macro avg 0.70 0.69 0.69 1512
weighted avg 0.70 0.69 0.69 1512

Predicted Labels
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OFX|2te =2, feature importanceE AlZtelet ZAut= C2at ZCH 2A4E E4 JO0HAME= Loudness,
Valence, Energy 0| 23 TEHO| Z[0l=7F =2 AS =Holg = URUCE & EAMO|M= O|2(eh AdS
'3-1-1. K-Means' O A HHYE Hiet 20|, 20| FEX £41}F 0|0 w2t LEfL= JFAH|CIR9] &4

= Tr o o
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-

2

feat_importances = pd.Series(model.feature_importances_, index=feature_list)

feat_importances.plot(kind="barh')

publishedYear
is_children
Stream
Duration_ms
Tempo
Valence
Liveness
Instrumentalness
Acousticness
Speechiness
Loudness
Key
Energy
Danceability
0.0 0.1 0.2 0.3 0.4

5-2-2. TabPFN

Done once, offline Done per real-world dataset, online (I( |.1‘4 ) D) Q( II-"» ’ D)

Elcabwurld training dataset D, ,_j f ?

and test point xy...

Sample synthetic datasets ID;
from prior: D; ~ p(D)

1
1
|
|
|
. : - -
| , S S S
Train TabPFN gs on synthetic | Obtain gg(Yyewe 2 eents Prent) . N . . .

( datasets { D ... Do} }—f_’{ with a single forward p;Ls.\J (1, y1) (w2, y2) (23, y3) T4 Ts

(a) Prior-fitting and inference (b) Architecture and attention mechanism

TabPFN2 'TabPFN: A Transformer That Solves Small Tabular Classification Problems in a Second (2022)'
M ATHE BESZ, MH GlO[EO Cfoh A AT AW HSE LEYAS ZYH W21 B

> Hollmann, N., Miiller, S., Eggensperger, K., & Hutter, F. (2022). TabPFN: A transformer that solves small tabular
classification problems in a second. arXiv preprint arXiv.2207.01848. https://arxiv.org/abs/2207.01848
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Atget 2tojEaigl= Chai 220, Mol HXN2| 182 29| '5-2-1. TabNetClassifier'dt S 2Lt

from sklearn.model_selection import train_test_split

from sklearn.metrics import classification_report, accuracy_score, confusion_matrix
from tabpfn import TabPFNClassifier

import pandas as pd

import numpy as np

import wandb

import matplotlib.pyplot as plt

import seaborn as sns

# 2E2| Z4 - 5 T34 k0| H@
df = df.dropna(

df_stream = list

= <

df'Stream'])
df_view = list(df['viewCount'])
gap_sv = [i-j for i, j in zip(df_stream, df_view)]

# BE 7o}

avg = sum(gap_sv) // len(gap_sv)

# WECH AW 1, O 0

y_binary = [int(i>avg) for i in gap_sv]

df['y_binary'] = y_binary

# A HO[EH 2 E7]7| (TabNET)

numeric_df = df.select_dtypes(include=['number'])

#otgd 9 44

feature_list = list(numeric_df.columns[:11]) + ['Stream’, "is_children’, 'publishedYear']
# AKX HA

numeric_df = numeric_df.dropna()
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# ER H Ze
X = numeric_df[feature_list]
y = numeric_df['y_binary']
# CIOJE& 2
X_train, X_test, y_train, y_test = train_test_split(X, y, test_size=0.95, random_state=42)
# ofo|mutatole 23
config = {
'device": 'cpu’,
'N_ensemble_configurations': 16,
EEH S ﬁ
model = TabPFNClassifier(
device=config['device],

N_ensemble_configurations=config['N_ensemble_configurations'],

# 2Y S

model.fit(X_train, y_train)

#

ok

15 2 45 718
wandb.config.update(config)
ERE

y_pred = model.predict(X_test.values[:100])

# Q7 X7 AL

accuracy = accuracy_score(y_test[:100], y_pred)
conf_matrix = confusion_matrix(y_test[:100], y_pred)
class_report = classification_report(y_test[:100], y_pred)
print("Test Accuracy:", accuracy)

print("#nClassification Report:#n", class_report)

Confusion Matrix

Test Accuracy: ©.7035928143712575

Classification Report:

precision recall fl-score  support
2] 0.72 0.63 0.67 6969 é
1 .69 0.77 0.73 7393
accuracy 0.70 14362
macro avg 0.71 0.70 0.70 14362
weighted avg 0.71 0.70 0.70 14362

Predicted Labels

accuracy 8 HOIFRUCH Lt SH50

M5E 2 0.7032Z TabNetClassifier0l| H|8]| 2A8H =
SRy I, 2 EMOME s 2E0| 284 &

A|-_g.E| [-” |E-|k||o| oto| OI-EI-l oz X—||:|.E 1315}%

o rlo

]

THO|A JEet e ERACHD S 5HRUCY
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6-1. Elbow Method
Ml 7|92 0|89 SHAHTE U 2 ZEHOAM, XA SHE
€ =5l 3Lt Elbow Method= EHHSE X} o

2 LIEIS HHoHE d=st= SAS o0IetCh ol X Nses F= def=7t Hols X|H

= ="

E

EHASH7| 2I5H Elbow Method 7|
b= StOlmIt2ti|y ZtE S7HAIZIEM Hgs +dstn,

OF

OlM 22 = UA=Hl, O] 20| OHX| HH/X| 2t FABHA Elbow Method2t= O[&0| 4 &ALt
SiE 7|2 K-means, DBSCAN, KNN RegressionOf|A| AR E|ACH

K-MeansO| A= HESH 8 7H=Kk)E BASH7| 2I5H, y=ES Inertia valueZ E7ESIRALL. Inertia Values
centroid?} e = 1 Efoll siEE GIO|E ZQIE 2t AH2|o &g 2o|0|gttt. O X|#& 0| HOtLt
2 SAEAEX LIEHCE 2= ZADto)| et k=4 ~ k= 6 HRANN 7tE 28H0l A2 2Qctn
TSR, ojF HEE SOl ZX 9| (k=42 ZHEHSIRACL

80000 -
60000 -
40000 -
20000 -
0 T T T T T T T
0 5 10 15 20 25 30

<Inertia Value Graph>

SHH, DBSCANOIAIS €2 EHAISH7| 9I8f, k-2l B2 (k-distance plonS E8H0] ZMslo| 2ArH: 2
S AZSHUC K-HZ 222 2 GlOlE ZOAS0| Thoh k(=minPto)HRE 7S O[R7HXIS HalS A
Arsioy, AAE HoE mQIEo| kMM O/ Halge QEXECR YUt 0|F Ho|H ZAIE ol
AZ xEOZ, ol EOIEQ k¥ O HalE yHO=E MHs0l APYm= Lietct

!

|0
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51

HIOIH 7H=(K)E EHAMSHY| I6l, y2t2 NRMSE(ETt2tEl RMSE)E

o

-
A

0.043
0.042
0.041 4
0.040
0.039 A
0.038

KNN 2| oAM= &HZ O]



Elbow Method for Optimal K: Eliminate - Danceability, key, instramentalness, tempo

0.044 4

0.042 1

nrmse

0.040 4

0.038 A

T T T T T T T

4 6 8 10 12 14
K value

<Danceability, Key, Instramentalness, Tempo |7 >

Elbow Method for Optimal K: Eliminate - Danceability, key, valence, instramentalness, tempo

0.046
0.044
Y 0.042 1
E
c
0.040
0.038 -
2 4 6 8 10 12 14
K value

<Danceability, Key, Valence, Instramentalness, Tempo H|7{>
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6-2. GridSearchCV

DA HOIN REO| HSEAS o) MolE JEOR, AR HY RWo| stoln mtnlEo| 342
2AER YUSH ZO| Cf ROl A0iCH OF M52 B BIkeHol HmIBA HXO| stolm

—
o2ty e ®Re args Tttt
AH&ste 2to|lE2 2=

from sklearn.model_selection import GridSearchCV
O|H, Ct=1t &0| sto|mutzti|Ee| HeE 2|AEz X|FTtot.

param = {"learning_rate" : [0.01,0.1,0.2,0.3,0.4,0.5],
"max_depth" : [25, 50, 75],
"num_leaves" : [100,300,500,900,12001],
"n_estimators" : [100, 200, 300,500,800,1000],
"learning_rate" : [0.01,0.1,0.2,0.3,0.4,0.5]

ot 2F N2(E ot 2% F, 510U E VIEE 28 dAOM YR, ofg 7|g2

—

ot 5 7| & Random Forest, Gradient Boosting, XGBoost O &% AL}, Train: Test
8:2 =

= JIELR, 74 ¢nd|FE XMl mi2tolH 2 ok Z%eH, M 3% 2F
Optuna A0 d&5 &0 7|0jet As =olgt - AUCH

# Random Forest: 0.7646 -> 0.7882

Best Parameters: {'max_depth': 20, 'min_samples_leaf: 1, 'min_samples_split": 2, 'n_estimators": 200}

# Gradient Boosting

Best Parameters: {'learning_rate": 0.2, 'max_depth": 7, 'min_samples_leaf': 2, 'min_samples_split: 10, 'n_estimators": 200}
# XGBoost

Best Parameters: {'colsample_bytree": 0.8, 'learning_rate": 0.1, 'max_depth": 7, 'min_child_weight": 1, 'subsample": 0.8, 'n_estimators'":
200}
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Confusion Matrix

1600
Adccuracy: 0.7882
1400
Classification Report:

precision recall fi-score  support

1200

1000

True label

0 0.80 0.89 0.84 1957 800
i 0.75 0.60 0.67 1074

600

accuracy 0.79 3031 400
macro avg 0.78 0.75 0.76 3031
weighted avg 0.78 0.79 0.78 3031

Predicted label

<GridSearchCV X8 0|£ Random Forest Z1}>

Confusion Matrix

1600

1400

Accuracy: 0.7793
1200
Classification Report:

precision recall fl-score  support 1000

True label

800

0 0.81 0.85 0.83 1957
1 0.71 0.65 0.68 1074 600
accuracy 0.78 3031 400
macro avg 0.76 0.75 0.75 3031
we | ghted an 0 . 78 0 . 78 0 . 78 3031 Predicted label

< GridSearchCV X& O|% Gradient Boosting Z1}>

Confusion Matrix

160C

Accuracy: 0.7892

140C

Classification Report:
precision recall fi-score support

120C

100C

True label

0 0.82 0.86 0.84 1957 800
1 0.73 0.65 0.69 1074

600

accuracy 0.79 3031 00
macro avg 0.77 0.76 0.76 3031
weighted avg 0.79 0.79 0.79 3031

Predicted label

< GridSearchCV M8 O0|& XGBoost Ai}>
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6-3. Optuna

stolmTEtlE S RHE02 D ANt F Ax foj2z|E, Yy S CiYE R¥o ¥
D2IZ0A ALBO| JH5BiTh Optuna®l A 7|52 *E8XQl Slo|mLt0lE AHso YO, KXt
ge A £ % HAHUSSE oA
1. E2| 7|uro| Txe}El TRHOIE A3} (TPE)
2 EZ2Y OAHUZ
TPES HIO[K|Ot AIMsto| YBOE, J|EQ| grid HA WHECH 2BHOR TS HMD, 2 N
52 71 B PAAL HOR olYEE SlomI0lE F30| O B2 AUS wEw

Fd HALZ2 74|’.“_* AHECl HIE £0/7] floi HlEEHY A=E =7[0f SEHAZI= 7[&0IC
=28 S 2O S BIOIM ZIChiXof DIXX] RY B, F
3} .

7
Z2MN2O| £E5 0|1 22 AR 22E YKL

SM BHOIMO WH UM XD ABATL AHMO| BH ¥42 AREA HolF 4 Ut

= Ol XEY 2HIE 1SS Bt optunall FFHOILH.

import optuna

from optuna.samplers import TPESampler

from sklearn.model_selection import train_test_split
from sklearn.metrics import mean_squared_error

from pytorch_tabnet.tab_model import TabNetRegressor

import numpy as np

# Objective &= H9
def objective(trial):
# EfMg sto|mmtatoly 2F
n_d = trial.suggest_int("n_d", 8, 64) # Decision layer size
n_a = trial.suggest_int("n_a", 8, 64) # Attention layer size
n_steps = trial.suggest_int("n_steps", 3, 10)
gamma = trial.suggest_float("gamma", 1.0, 2.0)
lambda_sparse = trial.suggest_float("lambda_sparse”, 1e-6, 1e-3, log=True)

learning_rate = trial.suggest_float("learning_rate", 1e-3, 1e-1, log=True)

# TabNet & X7[3} A st&
model = TabNetRegressor(
n_d=n_d, n_a=n_a, n_steps=n_steps, gamma=gamma,

lambda_sparse=lambda_sparse, optimizer_params=dict(Ir=learning_rate)
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model.fit(
X_train=X_train.values, y_train=y_train.values.reshape(-1, 1),
eval_set=[(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,

a2 L RALE

AN

Rmse(BHM&522XN7t 351541851.923301| A 2472344464438 2 LA
M&EZ22XH7F 0.05480|A 0.03852 ZASIQCE ESH RRA™AS)E S8

SHRULCE

7| sto|mmtzetole d-8a2 ChSah ZUCEH

config = {
"n_d" 8, # Decoder feature dimension size (8~64)
"n_a": 8§, # Attention feature dimension size (n_d = n_a)
"n_steps": 3, # Number of steps in the architecture. (3~10)
"gamma": 1.5, # Relaxation parameter for sparsity (1.0~2.0)

"lambda_sparse": 1e-3, # Sparsity regularization

"learning_rate": 1e-3, # Learning rate
"max_epochs": 300,

"batch_size": 256,

# Maximum number of epochs for training
# Batch size for training (64, 128, 256, 512, 1024, ...)

ol

—

St oM, Nrmse(™tat=

-0.16220{| A1 0.42522

"virtual_batch_size": 128, # Virtual batch size for gradient accumulation (should divide batch_size)

"seed": 42 # Random seed for reproducibility.

O| Mo Antgt2 LSt ZCt
RMSE: 351541851.9233
NRMSE: 0.0548

R2: -0.1622
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rlo

Stop training because you reached max_epochs = 100 with best_epoch = 99 and best_val_rmse = 247234446.44381
{'n_d": 38, 'n_a" 42, 'n_steps": 7, 'gamma": 1.7387573518282637, 'lambda_sparse": 2.1150092752905284e-06, 'learning_rate":
0.05939016164949467, 'batch_size": 64, 'virtual_batch_size": 32}

xZMo2 MM so|mIfetnlE L Chea 2.
config = {
"n_d": 38, # Decoder feature dimension size (8~64)
"n_a": 42, # Attention feature dimension size (n_d = n_a)
"n_steps": 7, # Number of steps in the architecture. (3~10)
"gamma": 1.7387573518282637, # Relaxation parameter for sparsity (1.0~2.0)
"lambda_sparse": 2.1150092752905284e-6, # Sparsity regularization
"learning_rate": 0.05939016164949467, # Learning rate
"max_epochs": 100, # Maximum number of epochs for training
"batch_size": 64, # Batch size for training (64, 128, 256, 512, 1024, ...
"virtual_batch_size": 32, # Virtual batch size for gradient accumulation
"seed": 42 # Random seed for reproducibility.
}
hekA CrZar 20| eoEl 452 Zatgs /UL
rmse: 247234446.4438
nrmse: 0.0385
R2: 0.4252
Run history: Run summary:
Final Final NRMSE 0.0385
NRMSE -
Final R2 0.4252
Final R2 - "
Final RMSE 247234446 4438
Final
RMSE = epoch 99
epoch ___ val_rmse 247234446.44381

val_rmse |
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6-4. WandB

r=
I
oC
Jfot
I

i

o

or

2 E HES oed Mols, ZES HAHSHAZ|7] f5tH Sto|motatolEel 4t
HAES| dEsFofoF otu, RSts ZWME 27| fSHM= o ZHA| Sto|mHoEi0lY g4t HE5HH
CFst MEg sfopstct d2{Lt SHEA7E HAMoz g #Fsie Z20ls, 01 Hl=gXo|H,
HZNE HWst7| flof Felsts g0l HAER 7|F0| wEE %’—I?:.“éjol UALE mMEkM 0|
siEste 28X0 stgs2 & + UAEF St Tool 2! WandB E AHEY 4= UCH
WandB(Weights&Biases)= &2l ZEHES HE2 2252 = UE £+ JEE F& Experiment tracking
tool O|Ct Ct=1t 0| K83t 5 7HX[2 £ HM3dtn UL
W&B PLATFORM
experiment dataset model model collaborative
tracking versioning evaluation optimization analysis

| | [ 1

[Experiments] [ Artifacts J [ Tables ] { Sweeps J [ Reports }

FRAMEWORK AGNOSTIC

ON ¢

PyTorch

fast.ai

Lightning TensorFlow  Keras

Hugging Face fast.ai

ENVIRONMENT AGNOSTIC

aws

Cloud hosted +

O learn

Scikit

dmlc
XGBoost

XGBoost

A DD

Kubernetes

On-premises
AWS Azure Google Cloud
Experiments : B2 d&S FH3t7| 2|2t Dashboard & H|STtCt.

Artifacts : Dataset version Z2|2F Model vertion & Z2|$tC
Tables : CIO|HE loging St AlZt3lstl 2| E THE+=
Sweeps : SIO|HIEZIO|HE Ats22 F'J5H0] XX 3lotot
Reports : A2 2ot HAXE S/
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val_loss val_accuracy

= 43: 0.56424 classic-bird-3 val_loss — 43 0.69444 classic-bird-3 val_accurac

Press CTRL+C to copy this data

59

12 S "o 28X Z2HME 2|7t JtsoiH, o2 Zgflaete] Zo| JhsstEz
20| HojLCHs HEE QACEH Ch21F Z0] wandb Of 2391 3t1, APl key & LS MEO|
7hS St

# wandf =72/

wandb. login()

True

# wandf EEZE EZT/&F

wandb. init(project="TabNET-regression-tuning")

Tracking run with wandb version 0.18.7

Run data is saved locally in C:t#UserstekgustiDesktopiti el =5 & Zttwandbirun—

20241115_220324-aewopktm

Syncing run ethereal-bee-2 to Weights & Biases (docs)

View project at https://wandb.ai/seoldh-sogang-university/TabNET-regression-tuning

View run at https://wandb.ai/seoldh-sogang-university/TabNET-regression-

tuning/runs/aewopktm

[ Display W run |

T4 BHOIXO OlA MEW, RY StEd SA By HAYR RY 451 2AH4E FHO|
7tsotH, Ol Sdf =H2o| sto|Hut2toly =gs #E 5+ AUCL

2 Z2HEQ| F20|=, WandB Tracking 2 SOiAl TabNet 2] £F &S A|ZsfEJ}D CHSp 22
ZiE dE + AL



6-5. EarlyStopping

EarlyStopping2 1tXgHES HHX|S}H7|
(@]

|9t callback®t+2, AT A|EO st&52 Z7|T=Ss Hzt
7|¢o|ct. = o

2 A
=]
2 85 43 oithvt 452l /ol Eo[X| @B, = o FOHX|X| &

1

01>IF
1

HEStn 2 HECL O If d&5 AE2| HHRlE epochO|H, epochE L) AtF ASE Al
£ batch 2% CTHRI2 HBSH7| = SiCh O] [ff epocht, KA 23 HOJHE o H ALESiM 2EStE F
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