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kaggle : https.//www.kaggle.com/ po':ed

« HEOMEENTIZEBL. HRPORARCT I ETORELET ILE
OAUREVSETHRWNED. FRIETIV T RUSTFEBED ISV IA—LRY
FNEZES% ( Wikipedia &Y : https://ja.wikipedia.org/wiki/Kaggle)

«  LEBERITOFa1—R)T7ILOLEBZEEDTOS S LLAE. Discussion EMHY.
AVRIZE ML THIERIZHMTRIZHE D

« QREO House Prices T—4(% kaggle DFE I RDED . kagele [ZF Ex (FEFL)
ITHIEFHoO0—KRTEHIENHEES

Competitions

Grow your data science skills by competing in our exciting competitions. Find help in the

@ Documentation or learn about InClass competitions.
i Your Competitions
<> Active Closed Pinned Hosted
E Titanic: Machine Learning from Disaster
Start here! Pradict survival on the Titanic and get familiar with ML basics Knowledge

@1 Getting Started « Ongoing « 17246 Teams
v House Prices: Advanced Regression Techniques

ﬂ Predict sales prices and practice feature engineering, RFs, and gradient boosting Knowledge

Getting Started « Ongoing » 4440 Teams

All Competitions

Active (Not Entered) Completed InClass All Categories » Default Sortr 3
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¢  kaggle DAVRTHERINTNS, M2y ST LT —4
e traincsv(EEHT—A) & testesv(TRAMT—2) DD 5D

ZH EH FEOHRE
Passengerld ID train.csv: 1~891, test.csv: 892~1309
Survived 4% — BHZEHR 0 =No, 1 = Yes: test.csv IZ[F7ZEL
Pclass FEEFEDIIR ZERFRR : 1=1st, 2=2nd, 3=3rd
Name 2|l 51 : “Heikkinen, Miss. Laina” . ##R{*t =
Sex 4 Rl male, female
Age F fn
SibSp ﬁ%bfb}éﬂ.%“b

Bo{B&E D
Parch ﬁ%b?b‘é%ﬁb
FHOH#
Ticket REFES {5 : PC 17599
Fare <
Cabin B=E 151 : C85
Embarked FEE C = Cherbourg, Q = Queenstown, S = Southampton A




£ 6 [A]: House Prices

*  kaggle DAVRTHEASIN TS, FEMIEICEHT LT —F

o FTAA T (lowa) MIALX (Ames) ITHEITH. FEDIFZIZFETOHOEREZ A
9579 BEOEHMLY. BEEDZIRMAE (SalePrice) = FRT 5 EMNB B

e traincsv(EEHHT—4) & testesv(TARAMT—2)AH D

TE &=

P HDOHEE

Id

ID

train.csv: 1~1460, test.csv: 1461~2919

SalePrice

E el (KIL)

— BHER

ZT Dt 79 £ RBIZE. FHEREEIE Root MSE | EFfHIECH 5

Id MSSubClass MSZoning LotFrontage LotArea Street =--

1 60
2 20
3 60
4 70
9 60
1460 20

RL
RL
RL
RL
RL

RL

65
80
68
60
84

75

8450
9600
11250
9550
14260

9937

Pave
Pave
Pave
Pave

Pave

Pave

2008
2007
2008
2006
2008

2008

WD
WD
WD
WD
WD

WD

YrSold SaleType SaleCondition

Normal

Normal

Normal
Abnorml

Normal

Normal

SalePrice

208500
181500
223500
140000
250000

147500
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XGBoost DHFE po':red

«  XGBoost:Extreme Gradient Boosting DEEFIT. B T—2ZFEHT S
ZEMHYFE DF L. GBDT (Gradient Boosting Decision Tree) D 1 D
«  BJEL[ETIE (Gradient): BRIEHMETAENGETESNS BHEABID=/ME
s, FlALREFAMMER) ZR/DMITEHINTA—REDIERIZEAIND
« T—XT427% (Boosting) . 7Y UTILFEID—FET,. FERTEIIMNIZES
HAFTHETHEEZE(IIFE. EFEHFITBEENBECTHLELL
« REAXKR(Decision Tree) : FE 2D 1 D, FHEIL—AZRIITIELY
s n{EDOT—2. m BEQFRBAEHEMNSLELET—2tE Y D = {(x;, 7))}
(Dl =n,x; € R™y € R)ICHLT. LLTD K BEDOREZOFMIZELYFEZE
TI2(K BORIZKYFRZITI TV T ILETILEEZS
¢ yi — ¢(xi) = I;§=1fk(xi) , fk eF,i=1,..,n
F={f(x) =wyu} (q:R™ - RT,w € R ) [FERYSDREAK (CART) D ZEH
q EnBOET—%%. WML THREICHDITT S RDEE]
T IEKRDEDH. fi, [FIIZLI-KDEE q EEDEA w ITHIET D
w; ZFRALT, i EBEDE (hode: /—F)DRAT7ERT

3 tH B :Tiangi Chen and Carlos Guestrin (2016) “XGBoost: A Scalable Tree Boosting System” b
XGBoost Documentation: Introduction to Boosted Trees: https://xgboost.readthedocs.io/en/latest/tutorials/model.html
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XGBoost DBFE : XGBoost Documentation D #i po':ed

Input: age, gender, occupation, ... Like the computer game X

prediction score in each leaf

¢« SADREDAVEL—E5—LDIFAHDESVGELRE) 1ZFHITS

* CART TlEX. RIEDAU/N—FWRRLGEIZHFEL, ®ILT HEIZROTH
YL T8, EEDQDRAT7HLEICEAEMNITOENS

e  1=12L.1KR® CART OKRTII+ 0L FTRABENRADHLL

3 tH B :Tiangi Chen and Carlos Guestrin (2016) “XGBoost: A Scalable Tree Boosting System” 7
XGBoost Documentation: Introduction to Boosted Trees: https://xgboost.readthedocs.io/en/latest/tutorials/model.html
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XGBoost DHFZE : g X DB (K] 1) po':ed

tree1 tree2

fi( @ )=2+09=29 @

¢« qQTCHEZONAIRDREIL—NZFERALTENZEIZHEEL. XHICTHED
AOA7(w THEZNBD)ZEBEITH &Y. BRMLEFRZETE TS
= oYU TILEE (D5 XGBoost [FT—R T2 ELNVSFiE) O

3 tH B :Tiangi Chen and Carlos Guestrin (2016) “XGBoost: A Scalable Tree Boosting System”
XGBoost Documentation: Introduction to Boosted Trees: https://xgboost.readthedocs.io/en/latest/tutorials/model.html

J=<1-0.9=-1.9
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« LUTOBEBBE# L(¢p) Zx/IMETAHET, ETILEEEIES
© L(p) =210 y) + X Q)
- Q(f) =yT +§)L||w||2 (EETIESHIZL, IEAEIE a|lw| HNEM)

L T alae 8 KA (MEEE) T, BMERDELTFAEEDE
(fl: D EERIREDIZ EIZIX logloss., EIIRFHREDIHZE (X _FRE)
QC) ERDEHEZRI EHLE(FIHE) Ty ITTEU—F) O,
a |ZTL, EAMEIE, A [ZT L, IEAMEIEDBRESDFABREFTS

A User's interest

«  EAMEIEIXETILOEHESZFIEHL, ETILH
(FE) T—S~BREELEN OIS o =
ALshd x

« PlIELT. BEROT—2ICEEREARZELTIEHD
CEEBZD - t

Observed user's interest on topic k
against time t

3 tH B :Tiangi Chen and Carlos Guestrin (2016) “XGBoost: A Scalable Tree Boosting System” 9
XGBoost Documentation: Introduction to Boosted Trees: https://xgboost.readthedocs.io/en/latest/tutorials/model.html
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A User's interest

- BLEH: EHTE

X oy % - ETHE: B

X i TEY]
X X
5 X X x—] X - BETH: &)
> t A B
Observed user’s interest on topic k b bttt [ —foa7EE] ]
against time t Too many splits, Q(f) is high 1% H/a-Ion R
« Bl ETILE
A Users interest A User's interest FEETILO
I~
mMANBLETHS
b 4 X s sa T — s
| ; BHEBITHET S
w X X i X R N /{’rTXtéJ\ﬁ&O)
: ' Fo—FAT&EL
' P ' >t  FEh
t; t,
[%] Wrong split point, L(f) is high |v] Good balance of Q(f) and L(f)
3 tH B :Tiangi Chen and Carlos Guestrin (2016) “XGBoost: A Scalable Tree Boosting System” 10

XGBoost Documentation: Introduction to Boosted Trees: https://xgboost.readthedocs.io/en/latest/tutorials/model.html
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e  XGBoost Tl& additive manner EFE[ENAFEHTETILNEE NS
s FT.HEDKDBEE q#5A-LtTHRELGEH wZEHL, RIZEHINT-
RBEGEAEY, KOEBELELTENNRLERVNVOZEMIEE LO OEMSHIE

. 9Vt EMEOKYELIZEITS i EEOT—EDOFRIEET B,
50 _ |
y _
¢ A(l) fl(xl) — A(O) +f1(xl)
: *” ﬁua+ﬁua—*”+ﬁao

9 = Bhet file) =97+ filx)
o tlElEO)(U RLICEITARDBEEZRHD-OH. UTOEEZEZS

© 1O =38 (v 3V + Ai)) +00R)
EEIEDORRIL f(x) BHOT, T, Q) D 1,...,t — 1 BT AEIZHIBRLTLS

3 tH B :Tiangi Chen and Carlos Guestrin (2016) “XGBoost: A Scalable Tree Boosting System” 11
XGBoost Documentation: Introduction to Boosted Trees: https://xgboost.readthedocs.io/en/latest/tutorials/model.html
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o 1) DB fi(x) ENHCHTI=H.LO F 2 RETHOETIELL
© LW =3R, [l (yl' y )) +9:fe (X)) + Ehift (xi)] +Q(fe)
9= aA(t—l) (yu ?l(t 1)); h; = ;(t—l) (Yi, 37i(t_1))

o TEHIEFBZLGCTILDOTHIBRL., ¢t BB OLKYERLIZEWNT,
IO =3 [gifeCe) + S hef2Ge)| + Q0D

COHN FLOLARZEML-5E OmiEED BERKIZES

CDEBEDEZGRAVNE, BHBEBDED g; &£ h DHITIRFT DR

XGBoost AR X R KEHZ Y R— 9 HEA T, HRAGHEXEHZ.
E<{RILAEZHERALTHRELTEHILITED

1) 5 MSE DB 2. 1O = 3 fy — (5670 + £} + 20
_Z { (Al(t 1)_yl)ft(xl)+ft(xl) }+ Q(ft)+IE$<ﬂE

3 tH B :Tiangi Chen and Carlos Guestrin (2016) “XGBoost: A Scalable Tree Boosting System” 12
XGBoost Documentation: Introduction to Boosted Trees: https://xgboost.readthedocs.io/en/latest/tutorials/model.html
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- 1EH|MEIE Q(f,) ZEFTL.
o IO =3 gife ) + 5 hifEG)| +¥T + 548, wh

= Z?:1 [(Zielj gi) w; + % (ZiEI- h; + l) W-2] + )/T

( instance set )

—BDARDHEM I, Z#. RO/—FDAROIEM L [CES]ZA TS
¢ qg(x) (ilﬁlméhfh\é&?’é&\] BEHORIZEITORELEH w/ [&

Yiel: Ji
[ J W f— _—]
J z:iel-h"*"1

o LY. ZTOREOHELRBHEABDENUTDOLIITKES

2
[O(q) Z (Zia] gi)
« LY (q) =— +yT
=1
] ZLEI hl
3 tH B :Tiangi Chen and Carlos Guestrin (2016) “XGBoost: A Scalable Tree Boosting System” 13

XGBoost Documentation: Introduction to Boosted Trees: https://xgboost.readthedocs.io/en/latest/tutorials/model.html
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A E
X GBOOS t m ﬂ?g powered
« BIED IO(q) #. A& q(x) DIBS1ZBHRa7ELTHERTS
o tEIBDKYERLIZEVWT, RBEENTZFENTWEINZRIET DA ENGE
’C%T_O)'C r%iB#’L%)T/*‘T@K’éﬁﬂébf%iﬁ@*%iﬁ#ﬂjEﬂéhlzf
B AIFRER- -

Instanceindex  gradient statistics

@

g1, h1
IS - {23 3? 5}
82,02 G3z =92+ 9gs + g5
ﬁ I = {1} =14} H;=hy+hs+hs
3 S g3h3 G = g Go = g4
Hl — hl H.r_; === hal
& ..
- L@ _
A @) =-5; &z H =+ 37
k?jr.,’ g5, h5
The smallerthe scoreis, the betterthe structure is
3 tH B :Tiangi Chen and Carlos Guestrin (2016) “XGBoost: A Scalable Tree Boosting System” 14

XGBoost Documentation: Introduction to Boosted Trees: https://xgboost.readthedocs.io/en/latest/tutorials/model.html
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 XGBoost TIIMRIZEZ 2 DDOFEIZHEILELHETHRIZH/FELONSFEADROT ]
ZUTTEHEL. K2R BT EMNEIDZTHIET S ( Ly DNETHNIEDED

L. =1 (ZiEIL gi)z n (ZiEIR gi)z G )"
split — 5 o er; hi+d Y elp hi+A Y hitA
CREIROEDEIZEY Y TONE-T—2DHRFENDES (instance set )
R AEEROADECEYHTONET—EIDFFENDES (instance set )
1 =1, Ul
« TANEHRDEGE. BELEREENENITRRT H=HIZ. ETHOT—53%
FIECEEEL . ZF.?fJ\bJILEl é’CO)’\iUl DVWTERAR., BELERENZER DTS

e é

—Y

W

g1.h1 g4, h4 g2, h2 g5.h5 g3 h3
GL=¢g1+ ¢ Gr=92+93+9s
3 tH B :Tiangi Chen and Carlos Guestrin (2016) “XGBoost: A Scalable Tree Boosting System” 15

XGBoost Documentation: Introduction to Boosted Trees: https://xgboost.readthedocs.io/en/latest/tutorials/model.html
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Shrinkage
o HLOWADIERSINIE.HA () [TEEERn(0<n<1) T, [EF
MBINTHZETHREETEIE
© FHRIE 9 FEHT IR E fi(x) [CRTER ) 2RELTVS
Subsampling
- ZFEBOZE(t)ICT,. 2 THOT—2/HRAEHZTANT [T—EZEHEA
?é;&TL%E”éBHJJ:
(Row) subsampling: KR EIZEE T —2ND1T% sub—sampling 5
«  Column subsampling by tree: RKZ &IZ51 (ERBAZE 1) & sub—sampling 95
«  Column subsampling by level: KDL AN)JL GES) Z &IZ5% sub—sampling 95
«  Column subsampling by node: /—F (3D 7 EIFF) Z &(ZF5% sub—sampling 5

e fIZH. 7|<0)2|K;gﬂl(num round.” n_estimators, FFEREDFELY).
RDFES(max depth, FBWNEEBLFEED) . EXERT Hm/NT—2H#
(min. child weight, [ENKEWNEBFEEHLL) ENFETES
o ROAXRHI. TRZEOT=>BHIBEMDORAOTEEEIZ<YRL., HAHBEFAMNS

—ERHYRLTERAT7ZHAHRELLWNWECATRET SH. EDHELH D

= early stopping

3 tH B :Tiangi Chen and Carlos Guestrin (2016) “XGBoost: A Scalable Tree Boosting System” 14
XGBoost Documentation: Introduction to Boosted Trees: https://xgboost.readthedocs.io/en/latest/tutorials/model.html
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XGBoost.train() D/ VX —H po':red

. booster: "gbtree “dart” AELTLDIEELHHH R

. objective: “reg: squarederror (IEJ'FE'\ i %H,\§€*n—l]\'ﬂ:) ‘reg:squaredlogerror” ([B]IF.
squared log loss Z&/IME). "binary:logistic”( 2 fEZ 48, log lossZ & /MLt . TJE&%ELT)
“count:poisson”( poisson [AJ&). “survival:cox”( Cox [BIJF). “multi:softprob”(Z{E 5 58). {th

. eval metric: T77J')lei obJectlve MDFEIC J"_LT_?E*E(IEIJ “rmse” . 7%8: “logloss”).
“rmsle” . “mae” ., “error”( 2 {E% %8 : 1-accuracy ). “merror (Z {45 %8). {th

. num_round [n_estimators]: ;R TE AR D A %]
. eta [learning rate] : B, T IAJLEAE 0.3 7=A3, 0.05 X[ 0.1 HI=Uh #E{E
. max_depth : JREARDFES. TIAILME 6 T, 3~9 HI-UMFEAD1EHH

«  gamma REAREZDUESEDH-DICHKERRES T REEHEKDME. BEHKENESTIELDGLY
GAZEERFIE) A, TIAILRE O

*  min_child.weight: EZ BT 5/ T—28 . EN KRSV EBEEHIE, TI4ILRMEX1T,01~10

. subsample: ;RE AR EIZFEE T—R2DITEsamplingd HEIE . EA/NESNEBZFERHLE.
TIAILME 1 2h%, 0.6~0.95 Hi=Y

*  colsample bytree: JRTE AR EICHFHHAED S| Zsamplingd HEIE . EA/NESWEEFEFLLE.
TI4ILME 1 T, 06~1 H=Y

. colsample bylevel iR EZ EIZHBE DS Zsamplingd DEI&. TI4I)LRE 1 T.05~1,03 F2E
[ZFIF5EEE

. colsample_bynode : /—F (/\EU);&I BFEEDF|% sampling T 5E|E T, FLUL A EIAEE
SN BT=UIZ sampling Sh, IRED éﬁﬁf-L*Réﬂfsglla)%A?ﬁ\b sub—sampling &5

. alpha [reg alphal: L1 IEBI{E D& E. 1IE75§7(§L\&5@$%'BHJJ:~ TI74ILME O
*  lambda [reg lambda]: L2 IER{E MRS, EAKEFVEBFEEFLE, TI4ILEE 1
. seed: ELELD L —FK . njobs: AL YKrH. -1 TIILIZEEH

¢ XGBRegressor() & XGBClassifier() [&. num_round & eta [ [n_estimators] [learning rate] [Z

. 1
https://xgboost.readthedocs.io/en/latest/parameter.html 7
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X GBoost T BT854 ( 2021.3.1 ZZ7) powered

BRI TIVT—IFEILITK FCECHRED BV A ( kagele TEBI15%LLAA
EFLL) DEEFE . kaggle Ti@)b’éﬂﬂéf‘&)0)77 9. F(XEBRLEL

kaggle 2SN 5EAIL. FRIFBEIEBIE ()—0DEELHE) HFKST-6H
AL T2 ERE. 7_\'\—’5‘7U—:/7\lid~4\3§

HEIZIGCTEWZEREZ XN HER., T—FDEEMEIE., SHE(X 1%-99% miiE THiST
ZHIIBE. T—FOHIEDKEZIZIIEERNGESK/DERDADEE

B Tldfeature engineering ITEDA D 77 iA L [EIF . NN FZERHIRELIZTIED
FBAIN TSI ENZL XGBoost DIRIFRERN—ZADIGFEEAIDFEHNBLEMN

o RH—UGROEER-ERDPAANDEBRIIFAE, HEARBLAEIZERLAELNE
RAENH>THEZDEFNETES
TIZRBAZEBED-IGEIVE, RAEZHRELI-ANEEN LNLIGEGENIEALE
[RAMEZERE |+ T RBITHSTSY 12 BMTHEEENLNRDIGEN S
EfR RO RANERE , HTI)EEZ encoding T HFRIE one-hot encoding + RBILHT
')@U\&’J&L'C""?ﬁ%ﬁ')
« catboost encoding Z (@ target encoding [£')—I M HHLND THEAHLZLY
REAR—ZRDFETIE, EHNKEIZLZTNIEEHBRIIEETHL
XGBoost MIGFE. FHRIZHEELLGWEMNH>THLFABEICHEYEELLL
)\bﬁ‘ilﬂllisﬁa“éotuﬂb ETILICEODIENHEDELET ILIZE H T XGBoost [ZHI M
LTHEoODABEN? -+ ENSET, SEIZERIECTELEHERFS
%ﬁf‘ﬁzﬁfﬁﬁklilégk LU T(EHRNTOEN., ZHBDOEEHE)
% 5 [8]: Titanic MIZE D Name = Title THDHRIZ., ( Name DFEFETIEX) RTERMN
:ET)I/Lﬁ"Ho"%JAJ%( WMFEIC (i%ﬂj](f(j’_yﬂdﬂ’ﬁﬁk)?ﬁ" VB
REARE, DIEOKYRLICESOTEHRBDRXEERAZRMRI HENE KDL —7A.
ZHED (R )E LLGEFZRBAITEHENHELIVD T, GTEITEHEICEKRDHD
SENTEHREIO (F1.) E., LEFEELTH-LGERTERT S EITER 18

S
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o T—HRMNIEEL XGBoost NIFE, FHI A&

« E5[M: 2 {ET—2DHFEMIRE [Titanic]

o« % 6 [0]: [Al)FEIRE [House Prices]

« BFIT
e Tabular Playground Series — Jan 2021 — Apr 2021

e COMS4771 MSD Regression Competition
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A DEARR. B °

import optuna

import numpy as np

import pandas as pd

import xgboost as xgb

from sklearn.model_selection import KFold
from sklearn.metrics import log_loss

# train.csv & test.csv DFEFEE

dfl = pd.read_csv('C:/py/titanic/train.csv', header=0)
df0 = pd.read_csv('C:/py/titanic/test.csv', header=0)
dfl["Is_train"] =1

dfO["Is_train"] = 0

df = pd.concat ([dfl, df0])

# Name [ZDWTHEF-HZEH Title Z1ERL (LT-RHIER)
df ['Title'] = df['Name'] .apply(lambda x:
x.split (', ") [1l]) .apply(lambda x: x.split () [0])
# ATIVEHDEEIL (one-hot encoding)
cat_vars = ['Pclass', 'Sex', 'Ticket', 'Cabin', 'Embarked', 'Title']
for ¢ in cat_vars:
df = pd.concat ([df.drop(labels=[c], axis=1l), pd.get_dummies (df[c],
dummy_na=True, drop_first=False, prefix=c)], axis=1l)

¥ FERAT—3ETRET—RIZHE

drop_vars = ['PassengerId', 'Survived', 'Is_train', 'Name']
train_x = df.query('Is_train == 1') .drop(drop_vars, axis=1l)
train_y = df.query('Is_train == 1') ['Survived']

test_x = df.query('Is_train == 0') .drop (drop_vars, axis=1)
id = df.query('Is_train == 0') ['PassengerId']

20
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o ey e
O,Dtuna F/ \ 7)(_ﬂ' ;l _—/7 powered

def objective(trial) :

dtrain = xgb.DMatrix(train_x, label=train_y)
dtest = xgb.DMatrix (test_x)
param = {'seed': SEED,
'booster': 'gbtree',
'objective': 'binary:logistic',
'eval_metric': 'logloss',
'eta': trial.suggest_uniform('eta', 1le-20, 0.1),

'max_depth': trial.suggest_int ('max_depth', 1, 9),
'min_child_weight': trial.suggest_loguniform('min_child_weight', 1le-20, 10),
'colsample_bytree': trial.suggest_uniform('colsample_bytree', 1le-20, 1),

'colsample_bylevel': trial.suggest_uniform('colsample_bylevel', 1le-20, 1),
'colsample_bynode': trial.suggest_uniform('colsample_bynode', 1le-20, 1),
'subsample': trial.suggest_uniform('subsample', 1le-20, 1),

'gamma': trial.suggest_loguniform('gamma', le-20, 1.0),
'alpha': trial.suggest_loguniform('alpha', 1le-20, 1.0),
'"lambda': trial.suggest_loguniform('lambda', le-20, 1.0),
'grow_policy': trial.suggest_categorical ('grow_policy', ['depthwise', 'lossguide'])
}
xgb_cv_results = xgb.cv(params=param, dtrain=dtrain, num_boost_round=10000,
early_stopping_rounds=100, nfold=N_FOLDS, seed=SEED, stratified=False,
verbose_eval=False)
trial.set_user_attr('n_estimators', len(xgb_cv_results))
print (len (xgb_cv_results))
best_score = xgb_cv_results['test-logloss—mean'].values[—-1]
return best_score

% trial.suggest_loguniform() [& np.log(0.1)~np.log(l0) M 0.1 % 10 Z#EET S 2]
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O,Dtuna F/ \ 7)(_ﬂ' ;l _—/7 powered

SEED = 777
N_FOLDS = 4
study = optuna.create_study(direction="minimize') # XX 'maximize’

study.optimize (objective, n_trials=100, timeout=5000)
trial = study.best_trial

print ('Number of finished trials: ', len(study.trials))
print ('Best trial:"'")
(

print (' Value: {}'.format (trial.value))

print (' Params: ')

for key, value in trial.params.items():
print (' {}: {}'.format (key, value))

N _ESTIMATORS = trial.user_attrs['n_estimators']
print (' Number of estimators: {}'.format (N_ESTIMATORS))

# RBIFINT A—F
study.best_params

22
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Fa1— =T BD/INSA—ZTFH po':red

N_ESTIMATORS = 2633

params = {'booster': 'gbtree',
'objective': 'binary:logistic',
'eta': 0.01912092320816656,
'max_depth': 5,
'min_child_weight': 1.6690550323680652e-15,
'colsample_bytree': 0.11740936148113129,
'colsample_bylevel': 0.24537198862427906,
'colsample_bynode': 0.4714828392699139,
'subsample': 0.4573073142360151,
'gamma': 4.396719621771756e-19,
'alpha': 1.6815424853472815e-18,

'lambda': 5.002784484922577e-15, .~ , A0

'grow_policy': 'lossguide', kaggle DAND

'random_state': 123 score: 0.79665
} 863{iI/18624 A

# NAN—INFGA—FDERTE, FEDET. FH. REAT 4
num_round N_ESTIMATORS

dtrain = xgb.DMatrix (train_x, label=train_y)

dtest = xgb.DMatrix (test_x)

model = xgb.train (params, dtrain, num_round)

pred = model.predict (dtest)

pred_label = np.where(pred > 0.5, 1, 0)

out = pd.DataFrame ({'PassengerId':id, 'Survived':pred_label})

out.to_csv('C:/py/titanic/gender_submission.csv', index=False)

< 7oy Tl (RALCE%%Z 5 EKYRLTTFAEDEHZEH) LM, ELET
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import optuna
import warnings

import numpy as np

import pandas as pd

import matplotlib.pyplot as plt

import seaborn as sns

import xgboost as xgb

from sklearn.model_selection import KFold

from sklearn.metrics import mean_squared_error

warnings.simplefilter ('ignore', FutureWarning) # %%E#i’%ﬁ?

# train.csv & test.csv DFER

dfl = pd.read_csv('C:/py/housing/train.csv', header=0)
df0 = pd.read_csv('C:/py/housing/test.csv', header=0)
dfl["Is_train"] =1

df0["Is_train"] = 0

df = pd.concat ([dfl, df0])

¥ T—RADOREIMELE

all_vars = dfl.columns.to_list ()

cat_vars = dfl.select_dtypes(include='object') .columns.to_list () +
[ '"MSSubClass', 'MoSold', 'YrSold']

num_vars = [x for x in all_wvars if x not in cat_vars +

['Id', 'SalePrice', 'Is_train']]

x = 'GarageYrBlt'
df [x] = df[x].apply(lambda x : 2007 if x == 2207 else Xx) 25
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/ikhtﬁﬁﬂu#a"

# AT ZEHOHEIEIL (one-hot encoding)
for ¢ in cat_vars:
df = pd.concat ([df.drop(labels=[c], axis=1),
pd.get_dummies (df [c], dummy_na=True, drop_first=False,
prefix=c)], axis=1)

# T—2DHE

train_x = df.query('Is_train == 1') .drop(['Id', 'SalePrice',
'ITs_train'], axis=1l)

train_y = np.loglp(df.query('Is_train == 1')['SalePrice'])

test_x = df.query('Is_train == 0').drop(['Id', 'SalePrice',
'ITs_train'], axis=1)

id = df.query('Is_train == 0') ['Id"']

26
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def objective(trial) :
dtrain = xgb.DMatrix(train_x, label=train_y)
dtest = xgb.DMatrix (test_x)

param = {'seed': SEED,

'booster': 'gbtree',
'objective': 'reg:squarederror',
'eval_metric': 'rmse',

'eta': trial.suggest_uniform('eta', 1le-20, 0.1),
'max_depth': trial.suggest_int ('max_depth', 1, 10),
'min_child_weight': trial.suggest_loguniform('min_child weight', 1e-20, 10),

'colsample_bytree': trial.suggest_uniform('colsample_bytree', 1le-20, 1),
'colsample_bylevel': trial.suggest_uniform('colsample_bylevel', 1le-20, 1),
'colsample_bynode': trial.suggest_uniform('colsample_bynode', 1le-20, 1),
'subsample': trial.suggest_uniform('subsample', 1le-20, 1),

'gamma': trial.suggest_loguniform('gamma', le-20, 1.0),

'alpha': trial.suggest_loguniform('alpha', 1le-20, 1.0),
'lambda': trial.suggest_loguniform('lambda', 1le-20, 1.0),
'grow_policy': trial.suggest_categorical ('grow_policy', ['depthwise', 'lossguide'])
}
xgb_cv_results = xgb.cv(params=param, dtrain=dtrain, num_boost_round=5000,
early_stopping_rounds=100, nfold=N_FOLDS, seed=SEED, stratified=False,
verbose_eval=False)
trial.set_user_attr('n_estimators', len(xgb_cv_results))
print (len (xgb_cv_results))
best_score = xgb_cv_results['test—-rmse-mean'].values[—-1]
return best_score 27
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SEED = 777
N_FOLDS = 4
study = optuna.create_study(direction="minimize') # 'maximize'

study.optimize (objective, n_trials=100, timeout=10000)
trial = study.best_trial

print ('Number of finished trials: ', len(study.trials))
print ('Best trial:"'")
(

print (' Value: {}'.format (trial.value))

print (' Params: ')

for key, value in trial.params.items():
print (' {}: {}'.format (key, value))

N _ESTIMATORS = trial.user_attrs['n_estimators']
print (' Number of estimators: {}'.format (N_ESTIMATORS))

# RBIFINT A—F
study.best_params

28
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N_ESTIMATORS = 4890

params = {'booster': 'gbtree',
'objective': 'reg:squarederror',
'eta': 0.00510785890862809¢6,
'max_depth': 5,
'min_child_weight': 4.364977408921935e-11,
'colsample_bytree': 0.3624543386127742,
'colsample_bylevel': 0.5793388349683782,
'colsample_bynode': 0.620049058938708,
'subsample': 0.5458169704089749,
'gamma': 5.076210671136954e-20,
'alpha': 0.015570353464057784,
'"lambda': 9.549319826840685e-20,
'grow_policy': 'depthwise',
'random_state': 2345678

}

# xgboost FAMDT—ARIEE&IZEH
dtrain = xgb.DMatrix(train_x, label=train_y)

kaggle MDAND
score: 0.12119

dtest = xgb.DMatrix (test_x) 456fL/4734 AR

# INAN—INFTA—EDETE. FEDEIT. PR, REAT—4

num_round = N_ESTIMATORS

model = xgb.train (params, dtrain, num_round)

pred = np.expml (model.predict (dtest))

out = pd.DataFrame ({'Id':id, 'SalePrice':pred})
out.to_csv('C:/py/housing/submission.csv', index=False)

X ToHrI)L (RCHEEZ 9 BKYURLTFRABOTFYEZEH) LA, &EET 29
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# optuna

def objective(trial):
dtrain = xgb.DMatrix(train_x, label=train_y)
dtest = xgb.DMatrix(test_x)

param = {'seed': SEED,

'booster': 'gbtree',
'objective': 'reg:squarederror',
'eval _metric': 'rmse',

'eta': trial.suggest_uniform('eta', 1le-20, 0.05),

'max_depth': trial.suggest_int ('max_depth', 4, 10),

'min_child _weight': trial.suggest_loguniform('min_child weight', 1le-20, 10),
'colsample_bytree': trial.suggest_uniform('colsample_bytree', 1le-20, 1),

'colsample_bylevel': trial.suggest_uniform('colsample_bylevel', 1le-20, 1),
'colsample_bynode': trial.suggest_uniform('colsample_bynode', 1le-20, 1),
'subsample': trial.suggest_uniform('subsample', 1le-20, 1),

'gamma': trial.suggest_loguniform('gamma', le-20, 1.0),

'alpha': trial.suggest_loguniform('alpha', le-20, 1.0),

'lambda': trial.suggest_loguniform('lambda', 1le-20, 1.0),

'grow_policy': trial.suggest_categorical ('grow_policy', ['depthwise', 'lossguide'])
}
pruning_callback = optuna.integration.XGBoostPruningCallback (trial, 'test—rmse')
xgb_cv_results = xgb.cv(params=param, dtrain=dtrain, num_boost_round=5000,

early_stopping_ rounds=100, nfold=N_FOLDS, seed=SEED, stratified=False,

verbose_eval=False, callbacks=[pruning_callback])
trial.set_user_attr('n_estimators', len(xgb_cv_results)); print (len(xgb_cv_results))
best_score = xgb_cv_results['test-rmse-mean'].values[—1]
return best_score
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# ELT
SEED = 777
N_FOLDS = 4

# optuna.pruners.MedianPruner (n_warmup_steps=20)
study = optuna.create_study (pruner=optuna.pruners.PercentilePruner (75,
n_warmup_steps=10), direction='minimize')

study.optimize (objective, n_trials=100, timeout=10000)
trial = study.best_trial

print ('Number of finished trials: ', len(study.trials))
print ('Best trial:'")
(

print (' Value: {}'.format (trial.value))

print (' Params: ')

for key, value in trial.params.items() :
print (' {}: {}'.format (key, wvalue))

N_ESTIMATORS = trial.user_attrs|['n_estimators']
print (' Number of estimators: {}'.format (N_ESTIMATORS))

¥ RBEHINT A=A
study.best_params

¢ https://github.com/optuna/optuna/blob/master/examples/xgboost/xgboost_cv.py
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18 HDAFHMNELLULNEIMNRIET H=HRIDAXRIZS
kaggle M7\ : Tabular Playground Series — Jan 2021

* Practice your ML regression skills on this approachable dataset! £ &
o 14 EDEFHEEE (contl ~ contl14) KU, EHFLE N (target) DIEZFHIT S
«  ¥54Z1d Root MSE (RMSE)

train.csv(ZEHAT—4:30 A7) & testesv(TAMNT—4:20 A)hH 5
o AL
o EfFEZEH (contl ~ cont14) L BHRIZEH (target) ED AR, [FIXEEL
- BHIZH (target) DNANIELIED AT, RITZDEFEFER
o T—ANBEKRITEL-OWOIDHNEHLLY
Google Colab. M GPU/TPU %{#F
XGBoost O tree_method % 'gpu_hist’ X (X 'hist’ [CE&E
XGBoost @) max_depth. min_child weight [2D&, KEOHDELEERT S
Get Started: Jan Tabular Playground Competition &Y
*  Dummy Regressor(£FRIEZHRIEIZT D) : RMSE = 0.73487
e Simple Linear Regression: RMSE = 1.33039
e Lasso Regression: RMSE = 2.38477
e Random Forest: RMSE =0.71410 33
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import optuna
import warnings

import numpy as np

import pandas as pd

import matplotlib.pyplot as plt

import seaborn as sns

import xgboost as xgb

from sklearn.model_selection import KFold

from sklearn.metrics import mean_squared_error

warnings.simplefilter ('ignore', FutureWarning) # ZEHZIERT

# train.csv & test.csv DFES
from google.colab import drive
drive.mount ('/content/drive"')

dfl = pd.read_csv('drive/My Drive/ML/train.csv', header=0)
df0 = pd.read_csv('drive/My Drive/ML/test.csv', header=0)

dfl["Is _train"] =1
dfO["Is_train"] = 0
T—R2DHEEE

df = pd.concat([dfl, df0])
+ HBMIZEH# (target) DHNIENIE

x = 'target'

lower = np.mean(df[x]) - 3 * np.std(df[x])

upper = np.mean (d [x]) + 3 * np.std(df[x])

df [x] = np.where(df[x] < lower, lower, df[x])

df [x] = np.where(df[x] > upper, upper, df[x])

¥ T—ADHE

train_x = df.query('Is_train == 1').drop(['id', 'target', 'Is_train'], axis=1l)
train_y = df.query (' Is _train == 1")['target']

test_x = df.query('Is_train == 0').drop(['id', 'target', 'Is_train'], axis=l)
id = df.query ('Is_train == 0'"') ['id"'] 34
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def objective(trial) :

dtrain = xgb.DMatrix(train_x, label=train_y)

dtest = xgb.DMatrix (test_x)

param = {'seed': SEED,
'tree_method': 'gpu_hist',
'booster': 'gbtree',
'objective': 'reg:squarederror',
'eval_metric': 'rmse',
'eta': trial.suggest_uniform('eta', 1le-20, 0.15),
'max_depth': trial.suggest_int ('max_depth', 4, 20, step=2),
'min_child_weight': trial.suggest_int ('min_child_weight', 1, 296, step=5),
'colsample_bytree': trial.suggest_uniform('colsample_bytree', 1le-20, 1),
'colsample_bylevel': trial.suggest_uniform('colsample_bylevel', 1le-20, 1),
'colsample_bynode': trial.suggest_uniform('colsample_bynode', 1le-20, 1),
'subsample': trial.suggest_uniform('subsample', 1le-20, 1),
'gamma': trial.suggest_loguniform('gamma', le-20, 1.0),
'alpha': trial.suggest_loguniform('alpha', 1le-20, 1.0),
'"lambda': trial.suggest_loguniform('lambda', 1le-20, 1.0),
'grow_policy': trial.suggest_categorical ('grow_policy', ['depthwise', 'lossguide'])

}

xgb_cv_results
early_stopping_rounds=100,
verbose_eval=False)
trial.set_user_attr('n_estimators’',
print (len (xgb_cv_results))
best_score xgb_cv_results['test-rmse-mean'].values|[—-1]
return best_score

dtrain=dtrain, num_boost_round=10000,
seed=SEED, stratified=False,

xgb.cv (params=param,
nfold=N_FOLDS,

len (xgb_cv_results))
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SEED = 777
N_FOLDS = 4
study = optuna.create_study(direction="minimize') # 'maximize'

study.optimize (objective, n_trials=100, timeout=10000)
trial = study.best_trial

print ('Number of finished trials: ', len(study.trials))
print ('Best trial:"'")
(

print (' Value: {}'.format (trial.value))

print (' Params: ')

for key, value in trial.params.items():
print (' {}: {}'.format (key, value))

N _ESTIMATORS = trial.user_attrs['n_estimators']
print (' Number of estimators: {}'.format (N_ESTIMATORS))

# RBIFINT A—F
study.best_params

36
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num_round = 5000

params = {'booster': 'gbtree',
'tree_method':'hist', # or 'gpu_hist'
'objective': 'reg:squarederror',

'eta': 0.0026652345119941093,
'max_depth': 20,

'min_child_weight': 201,
'colsample_bytree': 0.701455902058216,
'colsample_bylevel': 0.6527063415503433,
'colsample_bynode': 0.95264429235477813,
'subsample': 0.7121990965820921,
'gamma': 1.5827649746336096e-19,
'alpha': 6.739455100401646e-05,
'"lambda': 3.2153536566797412e-12,

'grow_policy': 'lossguide',
'random_state': 7777777 . -
} kaggle DAND)
score: 0.69620
_\\_ ‘|ﬂ:|: :all: "
# xgboost ADT—R2BEICEHE 3044L/1728 NH

dtrain = xgb.DMatrix(train_x, label=train_y)
dtest xgb.DMatrix (test_x)

¥ INAN—=INSA—=FDEHRE. FEDODET. FH. BHEAT—2

model = xgb.train (params, dtrain, num_round)
pred = np.expml (model.predict (dtest))
out = pd.DataFrame ({'Id':id, 'SalePrice':pred})

out.to_csv('C:/py/housing/submission.csv', index=False)

X Ty rI)L (RALHEXRZ 8 EKYRLTFRABEDOFEHEEL) LA, HEYHEET (0.69618, 3011i) 37
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18 HEDAHMNEGZULMNEOMREET =D R DA R[S
kaggle M >//N: Tabular Playground Series — Feb 2021

* Practice your ML regression skills on this approachable dataset! £ &
« 10 EDATIIZEE (cat0 ~ cat9) & 14 EDEFHKZEE (cont0 ~ cont13) LY.
E T R (target) DEZFHIT S
«  #E42[% Root MSE (RMSE)
train.csv(ZEHAT—4:30 A7) & testesv(TAMNT—4:20 A)hH 5
o XREIZEL
o EHEH (cont0 ~ cont13) & BRI £ (target) ED AR, [FIXEEL
« TANBEXTEL-OIWODHIHLL
Google Colab. @ GPU/TPU Z{£FH
XGBoost O tree_method % 'gpu_hist’ X (X 'hist’ [CE&E
XGBoost @) max_depth. min_child weight [2D&, KEOHDELEERT S
Get Started: FEB Tabular Playground Competition &Y
«  Dummy Regressor (£ FRIEZHRIEIZT S) : RMSE = 0.88857
e Simple Linear Regression: RMSE = 1.00779
 Lasso Regression: RMSE = 1.33854
* Random Forest: RMSE = 0.86391 38
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import optuna
import warnings

import numpy as np

import pandas as pd

import matplotlib.pyplot as plt

import seaborn as sns

import xgboost as xgb

from sklearn.model_selection import KFold

from sklearn.metrics import mean_squared_error

warnings.simplefilter ('ignore', FutureWarning) # %%’EQF%‘%?TT

# train.csv & test.csv DEE
from google.colab import drive
drive.mount ('/content/drive')

dfl = pd.read_csv('drive/My Drive/ML/train.csv', header=0)
df0 = pd.read_csv('drive/My Drive/ML/test.csv', header=0)
dfl["Is_train"] =1
dfO["Is_train"] = 0

# 7__\\_9 O)I\Eé
df = pd.concat ([dfl, df0])

39
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# ATI)EBROHEL
# df.select_dtypes(include='object') .columns.to_list ()
cat_vars = ['catO', 'catl', 'cat2', 'cat3', 'cat4d4', 'catb', 'cateo',
'cat7', 'cat8', 'cat9']
for ¢ in cat_vars:
df = pd.concat ([df.drop(labels=[c], axis=1l), pd.get_dummies (df[c],
dummy_na=True, drop_first=False, prefix=c)], axis=1l)

# BRIZE (target) DHN{ENIE

x = 'target'

lower = np.mean(df[x]) - 3 * np.std(df[x])

upper = np.mean(df[x]) + 3 * np.std(df[x])

df [x] = np.where(df[x] < lower, lower, df[x])

df [x] = np.where(df[x] > upper, upper, df[x])

¥ T—2 DRI

train_x = df.query('Is_train == 1') .drop(['id', 'target', 'Is_train'],
axis=1)

train_y = df.query('Is_train == 1'"') ['target']

test_x = df.query('Is_train == 0').drop(['id', 'target', 'Is_train'],
axis=1)

id = df.query('Is_train == 0') ['id"]

40
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def objective(trial) :
dtrain = xgb.DMatrix(train_x, label=train_y)
dtest = xgb.DMatrix (test_x)

param = {'seed': SEED,

'booster': 'gbtree',
'objective': 'reg:squarederror',
'eval_metric': 'rmse',

'eta': trial.suggest_uniform('eta', 1le-20, 0.15),
'max_depth': trial.suggest_int ('max_depth', 4, 20, step=2),
'min_child_weight': trial.suggest_int ('min_child_weight', 1, 296, step=5),

'colsample_bytree': trial.suggest_uniform('colsample_bytree', 1le-20, 1),
'colsample_bylevel': trial.suggest_uniform('colsample_bylevel', 1le-20, 1),
'colsample_bynode': trial.suggest_uniform('colsample_bynode', 1le-20, 1),
'subsample': trial.suggest_uniform('subsample', 1le-20, 1),

'gamma': trial.suggest_loguniform('gamma', le-20, 1.0),

'alpha': trial.suggest_loguniform('alpha', 1le-20, 1.0),
'lambda': trial.suggest_loguniform('lambda', 1le-20, 1.0),
'grow_policy': trial.suggest_categorical ('"grow_policy', ['depthwise',
'lossguide'])
}
xgb_cv_results = xgb.cv(params=param, dtrain=dtrain, num_boost_round=10000,
early_stopping_rounds=100, nfold=N_FOLDS, seed=SEED, stratified=False,
verbose_eval=False)
trial.set_user_attr('n_estimators', len(xgb_cv_results))
print (len (xgb_cv_results))
best_score = xgb_cv_results['test-rmse-mean'].values[-1] 41
return best_score
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SEED = 777

N_FOLDS = 5

study = optuna.create_study(direction="minimize') # 'maximize'
study.optimize (objective, n_trials=10, timeout=10000)

trial = study.best_trial

print ('Number of finished trials: ', len(study.trials))

(
print ('Best trial:'")
(

print (' Value: {}'.format (trial.value))

print (' Params: ')

for key, value in trial.params.items():
print (' {}: {}'.format (key, value))

N _ESTIMATORS = trial.user_attrs['n_estimators']
print (' Number of estimators: {}'.format (N_ESTIMATORS))

# RBIFINT A—F
study.best_params

42




python

Fa1— =T BD/INSA—ZTFH po':red

num_round = 3405
params = {'booster': 'gbtree',
'objective': 'reg:squarederror',

'eta': 0.020476295251566204,
'max_depth': 4,

'min_child_weight': 206,
'colsample_bytree': 0.5695052358709458,
'colsample_bylevel': 0.7425994452724571,
'colsample_bynode': 0.6763015944358355,
'subsample': 0.3870856402596746,
'gamma': 2.1811733935400702e-06,
'alpha': 5.451706054156088e-07,
'"lambda': 0.3629656233255221,
'random_state': 44444

}

# xgboost FAMDT—AIEE&EIZEH
dtrain = xgb.DMatrix(train_x, label=train_y) kaggle DaARD
dtest xgb.DMatrix (test_x)

score: 0.84266

¥ INAN—=INSA—=FDEHRE. FEDODET. FH. BHEAT—2

model = xgb.train (params, dtrain, num_round)
pred = np.expml (model.predict (dtest))
out = pd.DataFrame ({'Id':id, 'SalePrice':pred})

out.to_csv('C:/py/housing/submission.csv', index=False)

% ToHUIIL (RLE%E%E 8 BIKYRLTFAEZFEY) L. Aa7IE 0.84238 [TBE (32311/1433 A7)
W NAARY I BREBETHNIE optuna DYV IEILZDIEA 5N, FHEFTLTIO~1SELNEE - - -,
ZITHHALT LighteBM ZHLTHD 43
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. Documentation
https://lightgbm.readthedocs.io/en/latest/

o X[ LightGBM: A Highly Efficient Gradient Boosting Decision Tree. |
https://papers.nips.cc/paper/2017 /file/6449f44a102fde848669bdd9ebbb76fa—Paper.pdf

« XGBoost £FIL GBDT THAHAMN., TR -EFRIEDI=HDHENLEINTLNS

© BUBT—RETERN SLDOBEIDITRER T — 2B ELAH . [ FIREFFD
AAT7HEICINEFERIIEZENT HEOERN S LEHER T HFRIC. LDFE
EELDERNT S LEDSIEETHREIFOIXIZEYTEL - AT EHIZRIE

o ARZEMEREIESE. LRNIL(GEI) SETIILGCEZLIZRHET AN EIIZTHITE
o fIZEBLLEIERHY (label-encoded AT EEIZx T S0IE, GPU Xtit)

.’\..;{.(:\..{g.., ______

3 B LightGBM Features https://lightgbm.readthedocs.io/en/latest/Features.html
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#ht FEHNSGA—FFa1—=27
import optuna.integration.lightgbm as 1lgb

SEED = 777
dtrain = lgb.Dataset (train_x, label=train_y)
dtest = lgb.Dataset (test_x)

# objective: regression, binary, multiclass, etc., metric:

params = {'random_state': SEED, 'objective': 'regression', 'metric': 'rmse',
'verbosity': -1, 'boosting_type': "gbdt", 'learning_rate': 0.01}
tuner = 1gb.LightGBMTunerCV (params, dtrain, num_boost_round=10000, seed=SEED,

verbose_eval=100, early_stopping_rounds=100, folds=KFold(n_splits=5),
stratified=False)

tuner.run ()

print ("Best score:", tuner.best_score)

best_params = tuner.best_params

print ("Best params:", best_params)

### A
import lightgbm as 1lgb_

params = {'random_state': 7777777, 'objective': 'regression', 'metric': 'rmse',
'verbosity': -1, 'boosting_type': 'gbdt', 'learning_ rate': 0.01,
'feature_pre_filter': False, 'lambda_1l1': 6.46367639594839¢,
'"lambda_12': 0.08647391756846819, 'num_ leaves': 95, 'feature_fraction': 0.4,
'bagging_fraction': 0.8361202898801138, 'bagging_ freq': 3,

'min_child_samples': 25} SR
gbm = 1lgb_.train (params, dtrain, num_boost_round=2200) kaggle 0):‘/ 0)
pred = gbm.predict (test_x) score: 0.84268
out = pd.DataFrame ({'id':id, 'target':pred})

out.to_csv('drive/My Drive/ML/submission.csv', index=False)
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import optuna
import lightgbm as 1lgb

SEED = 333
N_FOLDS = 5
d_train = lgb.Dataset (train_x, label=train_y)

def objective(trial):

param = {'seed': SEED,
'bagging_seed' :SEED,
'feature_fraction_seed':SEED,

'objective': 'regression', # binary, multiclass

'metric': 'rmse', # mae, mse, auc, binary_ logloss, binary_error, multi_logloss, etc.
'verbosity': -1,

'boosting_type': 'gbdt',

'feature_pre_filter': False,
# 'num_boost_round': trial.suggest_int ('num_boost_round', 50, 10000),
# 'max_depth': trial.suggest_int ('max_depth', 1, 20), # -1 (no limit)
'"learning_rate': trial.suggest_float ('learning_ rate', 1le-20, 0.1),
'bagging_fraction': trial.suggest_float ('bagging_fraction', 1e-20, 1.0), # subsample
'bagging_freq': trial.suggest_int ('bagging_ freqg', 1, 10), # subsample_freq
'feature_fraction': trial.suggest_float ('feature_fraction', 1le-20, 1.0), # colsample_bytree
'feature_fraction_bynode': trial.suggest_float ('feature_fraction_bynode', 1e-20, 1.0), # colsample_bynode
'num_leaves': trial.suggest_int ('num_leaves', 2, 256), # max_leaves
'min_child_samples': trial.suggest_int ('min_child_ samples', 1, 300), # min_data_in_leaf
'min_data_per_group': trial.suggest_int ('min_data_per_group', 10, 300),
'max_bin': trial.suggest_int ('max_bin', 128, 1024),
'lambda_11'": trial.suggest_float ('lambda_11', 1le-20, 20.0, log=True),
'lambda_12': trial.suggest_float ('lambda_12"', 1e-20, 20.0, log=True)

}

cv_results = lgb.cv(param, d_train, num boost_round=10000, early_stopping_rounds=100,
nfold=N_FOLDS, stratified=False, seed=SEED, verbose_eval=False) # return_cvbooster=True

trial.set_user_attr('n_estimators', len(cv_results['rmse-mean']))

print (len(cv_results['rmse-mean']))

best_score = cv_results|['rmse-mean'] [—-1]

return best_score
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study = optuna.create_study(direction="'minimize') # 'maximize'
study.optimize (objective, n_trials=50, timeout=36000)

trial = study.best_trial

N_ESTIMATORS = trial.user_attrs['n_estimators']

print ('Number of finished trials: {}'.format (len(study.trials)))

print ('Best trial:')

print (' Value: {}'.format (trial.value))

print (' Number of estimators: {}'.format (N_ESTIMATORS))

#h# FE

SEED = 33333

params = {'seed': SEED, 'bagging_seed':SEED, 'feature_fraction_seed':SEED,
'objective': 'regression', 'metric': 'rmse', 'verbosity': -1,
'boosting_type': 'gbdt', 'feature_pre_filter': False,

'learning_rate': 0.006233654908617756, 'bagging fraction': 0.7431509976076313,
'bagging_freq': 10, 'feature_fraction': 0.2402196233595903,
'feature_fraction_bynode': 0.9278627226248137, 'num_leaves': 64,
'min_child_samples': 174, 'min_data_per_group': 272,

'max_bin': 350, 'lambda_11': 1.4110723926048064e-160,

'"lambda_12': 1.3910698990853774e-08} . -
gbm = lgb.train(params, dtrain, num_boost_round=4150) kaggle DaAND

score: 0.84227

% T Il (BLCE#E%E 6 EKYRLTFEENDFHZEERH) L. Xa7IE 0.84205 [ZBE. 47
Private Score=0.84267 (205fiZ/1433A®) , Public Score=0.84205 (226fiI/1433 AF)
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LightGBM D#FE (RN FHARIDBEE) DI=HRIDARIZSM
o BKMESIHERITLEITTRaATTYTIXBIESAL
kaggle M >//N: Tabular Playground Series — Mar 2021

* Practice your ML regression skills on this approachable dataset! &) Z &
« 19 EDHTIIZEE (cat0 ~ cat18) & 11 D EHEZE E (cont0 ~ cont10) KU,
0-1 M 2 [EZEH (target) DEZ FBIT S
- 54 ROC HA#E D AUC
train.csv(ZEHAT—4:30 A7) & testesv(TAMNT—4:20 A)hH 5
o RAIEL
o EFHREEH (cont0 ~ cont13) & BRI £ (target) ED AL, [FIXEEL
« T—ANBEXTEL-OWODHAHLL
Google Colab. @) GPU & {s 8
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import optuna
import warnings

import numpy as np

import pandas as pd

import matplotlib.pyplot as plt

import seaborn as sns

import lightgbm as lgb

from sklearn.model_selection import KFold

from sklearn.metrics import mean_squared_error

warnings.simplefilter ('ignore', FutureWarning) # ZEFIFERT

# train.csv & test.csv DFEE

from google.colab import drive

drive.mount ('/content/drive'")

dfl = pd.read_csv('drive/My Drive/ML/train.csv', header=0)

df0 = pd.read_csv('drive/My Drive/ML/test.csv', header=0)

dfl["Is_train"] =1

df0["Is_train"] = 0

¥ T—ADHEE

df = pd.concat ([dfl, df0])

# T3 ERORIEL

cat_vars = ['cat0O', 'catl', 'cat2', 'cat3', 'cat4', 'catb5', 'cato6', 'cat?7',
'cat8', 'cat9', 'catlO', 'catll', 'catl2', 'catl3', 'catld4', 'catl5', 'catloe',
'catl7', 'catl8']

for ¢ in cat_vars:
df = pd.concat ([df.drop(labels=[c], axis=1l), pd.get_dummies (df[c],

dummy_na=True, drop_first=False, prefix=c)], axis=l)

# T—RADONE

train_x = df.query('Is_train == 1').drop(['id', 'target', 'Is_train'], axis=1l)
train_y = df.query('Is_train == 1"')['target']

test_x = df.query('Is_train == 0').drop(['id', 'target', 'Is_train'], axis=1l)
id = df.query('Is_train == 0'"') ['id"']
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SEED = 777
N_FOLDS = 5
d_train = lgb.Dataset (train_x, label=train_y)

def objective(trial):
param = {'seed': SEED,
'bagging_seed' :SEED,
'feature_fraction_seed':SEED,
'objective': 'binary', # regression, multiclass
'metric': 'auc', # mae, mse, auc, binary_logloss, binary_error, multi_logloss, multi_error
'verbosity': -1,
'boosting_type': 'gbdt',
'feature_pre_filter': False,
'"learning_rate': trial.suggest_float ('learning_ rate', 1le-20, 0.1),
'bagging_fraction': trial.suggest_float ('bagging_fraction', 1le-20, 1.0),
'bagging_freq': trial.suggest_int ('bagging_freq', 1, 10),
'feature_fraction': trial.suggest_float ('feature_fraction', 1le-20, 1.0),
'feature_fraction_bynode': trial.suggest_float ('feature_fraction_bynode', 1le-20, 1.0),
'num_leaves': trial.suggest_int ('num_leaves', 2, 256),
'min_child_samples': trial.suggest_int('min_child_samples', 1, 300),
'min_data_per_group': trial.suggest_int ('min_data_per_group', 10, 300),
'max_bin': trial.suggest_int ('max_bin', 128, 1024),
'"lambda_11': trial.suggest_float ('lambda_11', 1le-20, 20.0, log=True),
'"lambda_12': trial.suggest_float ('lambda_12', 1le-20, 20.0, log=True)
}
cv_results = lgb.cv(param, d_train, num_boost_round=10000, early_stopping_rounds=100,
nfold=N_FOLDS, stratified=False, seed=SEED, verbose_eval=False)
trial.set_user_attr('n_estimators', len(cv_results['auc-mean']))
print (len(cv_results['auc-mean']))

best_score = cv_results['auc-mean'][-1]
return best_score
study = optuna.create_study(direction="'maximize') # 'minimize'

study.optimize (objective, n_trials=100, timeout=50000)

trial = study.best_trial

N_ESTIMATORS = trial.user_attrs['n_estimators']

print ('Number of finished trials: {}'.format (len(study.trials)))

print ('Best trial:")

print (' Value: {}'.format (trial.value)) 50
print (' Number of estimators: {}'.format (N_ESTIMATORS))
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SEED = 777

params = {'seed': SEED, 'bagging_seed':SEED,
'feature_fraction_seed':SEED, 'objective': 'binary',
'metric': 'auc', 'verbosity': -1, 'boosting type': 'gbdt',

'feature_pre_filter': False, 'learning rate': 0.00582914867602773,
'bagging_fraction': 0.7368935708961051, 'bagging freqg': 9,
'feature_fraction': 0.2770346515244113,

'feature_fraction_bynode': 0.2961752862107485,

'num_leaves': 210, 'min_child_samples': 93, 'min_data_per_group': 234,
'max_bin': 432, 'lambda_11': 0.0002798107152997289,

'"lambda_12"': 8.894088216212114e-12}

gbm
pred
out

out.to__

= lgb.train (params, d_train, num _boost_round=3998)
= gbm.predict (test_x)

= pd.DataFrame ({'id':id, 'target':pred})
csv('drive/My Drive/ML/submission.csv', index=False)

kaggle MDaAVD
score: 0.89090
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XGBoost & LightGBM D#&EE (AR DFEE) DF=HRIMD N[

S

o EKHMESIHERTIEFTRIATTYT X B IESEL

kaggle M >//N: Tabular Playground Series — Apr 2021

o T—AtYMI Titanic T—EANLDE KT, EED Titanic T—2EHETHIIC
LETHEED

o FEHILE 5 [0 Titanic T—RER UL, Passengerld, Survived, Pclass, Name,
Sex, Age, SibSp, Parch, Ticket, Fare, Cabin, Embarked

==L B (LFEHE 2725 (5 : Name)
o  $RAE[IX Accuracy

traincsv(EEHT—42:10 A) & test.esv(TAMTF—AR:10 A) D5
o FT—ARIEPLKZLVA, Playground Series Jan — Mar [ZEERBEBERIZTS

2N ETOATIY)ZEEZE One—hot Encoding THIEIZZE T HEATEY
NREST=6. Cabin ENHTIINZINVEHIL Label Encoding
(LightGBM Tl cat_smooth X0 cat |2 ZERZE  HLNTULNS AN i)

Google Colab. @) TPU Z{s 8
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import
import
import
import
from
from
from

optuna
numpy
pandas
xgboost
sklearn.
sklearn.
sklearn.

# train.csv &

as np
as pd

as xgb

preprocessing import LabelEncoder
model_selection import KFold
metrics import log_loss

test.csv DFEE

from google.colab import drive
drive.mount ('/content/drive"')

dfl = pd.read_csv('drive/My Drive/ML/train.csv', header=0)
df0 = pd.read_csv('drive/My Drive/ML/test.csv', header=0)
dfl["Is_train"] =1
dfO0["Is_train"] = 0

df = pd.concat ([dfl, df0])
# ATITVEHOHKIEILD
cat_vars = ['Pclass', 'Sex', 'Embarked']

for ¢ in cat_vars:
df = pd.concat ([df.drop (labels=[c],
prefix=c)], axis=1)

# ATIVEHOHELD
# Name

df [ 'LastName']
df ['FirstName']

¥ RAMESHDEH
df['Ticket_NA']
df['Cabin_NA']

axis=1l), pd.get_dummies (df[c], dummy_na=True, drop_first=False,

df['Name'] .apply (lambda x:
df ['"Name'] .apply (lambda x:

x.split (',

', ") I[0]) .apply (lambda x:
x.split (', ') [1]

x.split () [0]
) .apply (lambda x: ) [0

)
x.split ( 1)

df['Ticket'].isnull () .astype('int"')
df['Cabin'].isnull () .astype('int")

cat_vars = ['Ticket', 'Cabin', 'LastName', 'FirstName']
for ¢ in cat_vars:
df[c].fillna("Missing",
for ¢ in cat_vars:
le = LabelEncoder ()

df [c] = le.fit_transform(df[c])

t FERT—S2ETAMT—RIIHE
drop_vars ['"PassengerId', 'Survived',

inplace=True)

'Is_train', 'Name']

train_x = df.query('Is_train == 1').drop(drop_vars, axis=1l)

train_y = df.query('Is_train == 1'") ['Survived']

test_x = df.query('Is_train == 0') .drop(drop_vars, axis=1l)

id = df.query('Is_train == 0') ['PassengerId'] 53
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def objective(trial):
dtrain = xgb.DMatrix (train_x, label=train_y)
dtest = xgb.DMatrix (test_x)

param = {'seed': SEED,
'booster': 'gbtree',
'objective': 'binary:logistic',
'eval_metric': 'logloss',
'eta': trial.suggest_uniform('eta', l1le-20, 0.1),
'max_depth': trial.suggest_int ('max_depth', 3, 9),
'min_child_weight': trial.suggest_int ('min_child _weight', 1, 296, step=5),
'colsample_bytree': trial.suggest_uniform('colsample_bytree', 1le-20, 1),
'colsample_bylevel': trial.suggest_uniform('colsample_bylevel', 1le-20, 1),
'colsample_bynode': trial.suggest_uniform('colsample_bynode', 1le-20, 1),
'subsample': trial.suggest_uniform('subsample', 1le-20, 1),
'gamma': trial.suggest_loguniform('gamma', le-20, 1.0),
'alpha': trial.suggest_loguniform('alpha', 1le-20, 1.0),
'lambda': trial.suggest_loguniform('lambda', 1le-20, 1.0),
'grow_policy': trial.suggest_categorical ('grow_policy', ['depthwise', 'lossguide'])
}
xgb_cv_results = xgb.cv(params=param, dtrain=dtrain, num_boost_round=10000, early_stopping_rounds=100,
nfold=N_FOLDS, seed=SEED, stratified=False, verbose_eval=False)
trial.set_user_attr('n_estimators', len(xgb_cv_results))
print (len (xgb_cv_results))
best_score = xgb_cv_results|['test-logloss—-mean'].values[-1]
return best_score

SEED = 777
N_FOLDS = 5
study = optuna.create_study (direction="'minimize"') # 'maximize'

study.optimize (objective, n_trials=100, timeout=36000)
trial = study.best_trial

print ("Number of finished trials: ', len(study.trials))
print ('Best trial:"')
print (" Value: {}'.format (trial.value))
print (' Params: ')
for key, value in trial.params.items():
print (' {}: {}'.format (key, value))
N_ESTIMATORS = trial.user_attrs|['n_estimators']
print (' Number of estimators: {}'.format (N_ESTIMATORS))
VA
# ERWEIL/INTD 3 54

study.best_params




=Z: optuna + XGBoost

python

3

powered

num_round = 391

params = {'booster': 'gbtree',
'objective': 'binary:logistic',
'eta': 0.027127323092044606,

'max_depth': 9,
'min_child_weight':
'colsample_bytree':

86,

0.41140887045137753,
'colsample_bylevel': 0.9881209917138358,
'colsample_bynode': 0.8780728765082891,
'subsample': 0.9523572180045136,
'gamma': 1.0877215241146765e-14,
'alpha': 7.385828431577176e-14,
'"lambda': 5.289123394782853e-10,
'grow_policy': 'depthwise',
'random_state': 777

}

# xgboost FADT—AIEEIZEH

dtrain = xgb.DMatrix (train_x,

dtest = xgb.DMatrix (test_x)

# INAN—INTA—EZDHETE. FEDETT.

model = xgb.train(params, dtrain,

pred = model.predict (dtest)

pred_label = np.where(pred > 0.5, 1, 0)

out = pd.DataFrame ({'PassengerId':id,

label=train_y)

TR, REAT—%

num_round)

kaggle MDaAVD
score: 0.79450

'Survived' :pred_label})

out.to_csv('drive/My Drive/ML/submission.csv', index=False)
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import lightgbm as 1lgb

d_train = lgb.Dataset (train_x, label=train_y)
SEED = 777
N_FOLDS = 4

def objective(trial):
param = {'seed': SEED,
'bagging_seed':SEED,
'feature_fraction_seed':SEED,

'objective': 'binary', # regression, multiclass
'metric': 'binary_logloss', # mae, mse, auc, binary_ logloss, binary_error, multi_logloss, multi_error
'verbosity': -1,
'boosting_type': 'gbdt',
'feature_pre_filter': False,

# 'num_boost_round': trial.suggest_int ('num_boost_round', 50, 10000),

# 'max_depth': trial.suggest_int ('max_depth', 3, 50), # -1 (no limit)
'learning_rate': trial.suggest_float('learning rate', 1le-20, 0.1),
'bagging_fraction': trial.suggest_float ('bagging_ fraction', 1le-20, 1.0), # subsample
'bagging_freqg': trial.suggest_int ('bagging_freq', 1, 10), # subsample_freq
'feature_fraction': trial.suggest_float ('feature_fraction', 1le-20, 1.0), # colsample_bytree

'feature_fraction_bynode': trial.suggest_float ('feature_fra
'num_leaves': trial.suggest_int ('num_leaves', 2, 256),
'min_child_samples': trial.suggest_int ('min_child_samples’',
'min_data_per_group': trial.suggest_int ('min_data_per_group
'max_bin': trial.suggest_int ('max_bin', 128, 1024),
'lambda_11"': trial.suggest_float('lambda_11"', 1le-20,
'lambda_12"': trial.suggest_float ('lambda_12"', 1le-20,
'cat_smooth' trial.suggest_float ('cat_smooth', 1le-20,
'cat_12" trial.suggest_float ('cat_12', 1le-20, 20)
}

cv_results

20.0,
20.0,
256

lgb.cv(param, d_train, num boost_round=10000, ea
stratified=False, seed=SEED, verbose_eval

trial.set_user_attr('n_estimators', len(cv_results['binary_1lo

print (len(cv_results|['binary_logloss-mean']))

best_score = cv_results|['binary_logloss-mean'][-1]

return best_score

'maximize

optuna.create_study (direction="minimize') #

study
n_trials=200, timeout=36000)

study.optimize (objective,
trial = study.best_trial
N_ESTIMATORS trial.user_attrs['n_estimators']

print ('Number of finished trials: {}'.format (len(study.trials))
print ('Best trial:"'")
print (' Value: {}'.format (trial.value))

( 1

print Number of estimators: {}'.format (N_ESTIMATORS))

ction_bynode', 1le-20, 1.0), # colsample_bynode

# max_leaves

1,

L}
4

300), # min_data_in_leaf
10, 300),

log=True),
log=True),
),

rly_stopping_rounds=100, nfold=N_FOLDS,
=False) # return_cvbooster=True
gloss—mean']))

)
56
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SEED = 777

params = {'seed': SEED, 'bagging_ seed':SEED, 'feature_fraction_seed':SEED,
'objective': 'binary', 'metric': 'binary_logloss', 'verbosity': -1,
'boosting_type': 'gbdt', 'feature_pre_filter': False,

'"learning_rate': 0.01008220253770751, 'bagging_fraction': 0.8851613954822289,
'bagging_freqg': 5, 'feature_fraction': 0.4572333085123362,
'feature_fraction_bynode': 0.3434980975807741, 'num_leaves': 40,
'min_child_samples': 112, 'min_data_per_group': 249, 'max_bin': 385,
'"lambda_11': 2.3876675316104057e-16, 'lambda_12': 3.1734720445336473,
'cat_smooth': 116.42322427951875, 'cat_12': 4.762007542176315}

gbm = lgb.train(params, d_train, num_boost_round=966)

pred = gbm.predict (test_x)

pred_label = np.where(pred > 0.5, 1, 0)

out = pd.DataFrame ({'PassengerId':id, 'Survived':pred_label})

out.to_csv('drive/My Drive/ML/submission.csv', index=False)

wkaggle DANRD

Lscore: 0.79530
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Overview Data Code Discussion Leaderboard Rules Team My Submissions Submit Predictions

# Team Name MNotebook Team Membaers Score @ Entries Last
1 Muhammad Wacgar Gul “i) 0.80717 3 21
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4 MLJAR AutoML L AAR Autohdl - T @ 0.789828 z2 1h
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5 onlyWinbaseline R 0.79765 2
N
6 NobuoFunao b | 0.79510 3

Your Best Entry 4

Your submission scored 0.79510, which is an improvement of your previous score of 0.79268. Great job!
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I

7 SHOWMAKER ‘*9 0.79478
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o T—HRMNIEEL XGBoost NIFE, FHI A&

e F5[@: 2 {ET—2DHFERIE [Titanic)

o« % 6 [0]: [Al)FEIRE [House Prices]

. BE
e Tabular Playground Series — Jan 2021 — Apr 2021

« COMS4771 MSD Regression Competition
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« 18 HOAHMNELLGULMNEIMNKREET 5O RN R(ZS
e kaggle MO7/N: COMS4771 MSD Regression Competition
«  T—%5IMSdatamatl[FFZEDHDFAMUNLEIGENTEY ., 20HIc AN o21HAD
DFIS0 A TSN TS
o« ARVIF. HOBFEIVTUOVEEELT BN —RIN=-FEFRITHE
- RILEDOEEZERT H-HIZ. &8l (Observation) [T TIZ 90 DEHRED
ERR—XANFHEEIZRINLIESh TS
«  ¥5#Z(d Mean Absolute Error (MAE) . #8 T L1=a>~R{=H\ submission AJEE

e traincsv(EEHT—4:30 A) & testesv(TAMNT—4R:20 A) A H 5D
« MSdata.mat [Z[& trainx. trainy. testx @) Matlab T D 3 TEHMNEENTLVS:

trainx:463715 X 90 matrix of training data, where each row is a 90—dimensional feature
representation of a song.

trainy:463715 X 1 vector of labels associated with each training data. Each row is the release year
of the corresponding song in trainx.

testx:51630 X 90 matrix of test data.
« HIEFEEDAURKYE, TADELICERTEL=HIRODHELLY
Google Colab. @ TPU Z{&
XGBoost M tree_method ZZ E . CV DA% 2. KO#HZERE LT . F---

XGBoost @) max_depth. min_child weight [2D&, KEOHDIELEERT S
= SR> T+ optuna T5 ~ 10 [El/H HEFR--- 40
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import optuna
import warnings
import scipy.io

import numpy as np

import pandas as pd

import matplotlib.pyplot as plt

import seaborn as sns

import xgboost as xgb

from sklearn.model_selection import KFold

from sklearn.metrics import mean_squared_error

warnings.simplefilter ('ignore', FutureWarning) # Z& ZIERT

# TT—RIE .mat AR

from google.colab import drive

drive.mount ('/content/drive"')

dic = scipy.io.loadmat ('drive/My Drive/ML/MSdata.mat’')

# train_x: 463715 x 90
vars = []
for i in range(90) :
vars.append('var' + str(i))
train_x = pd.DataFrame (dic['trainx'])
train_x.columns = wvars

# train_y: 463715 x 1
train_y = pd.DataFrame (dic['trainy'])

train_y.columns = ['prediction']
# test_x: 51630 x 90
vars = []

for i in range(90) :
vars.append('var' + str(i))

test_x = pd.DataFrame (dic['testx'])
test_x.columns = vars
# dataid: 1, ..., 51630

dataid = range(1l,51631) 61
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dtrain = xgb.DMatrix(train_x_tmp, label=train_y)
dtest xgb.DMatrix (test_x_tmp)

def objective(trial):

param = {'seed': SEED,

# 'tree_method':'hist',
'booster': 'gbtree',
'objective': 'reg:squarederror',
'eval _metric': 'rmse',

'eta': trial.suggest_uniform('eta', 1le-20, 0.15),
'max_depth': trial.suggest_int ('max_depth', 4, 20, step=2),
'min_child weight': trial.suggest_int ('min_child weight', 1, 296, step=5),

'colsample_bytree': trial.suggest_uniform('colsample_bytree', 1le-20, 1),
'colsample_bylevel': trial.suggest_uniform('colsample_bylevel', 1le-20, 1),
'colsample_bynode': trial.suggest_uniform('colsample_bynode', 1le-20, 1),

'subsample': trial.suggest_uniform('subsample', 1le-20, 1),
'gamma': trial.suggest_loguniform('gamma', le-20, 1.0),
'alpha': trial.suggest_loguniform('alpha', 1le-20, 1.0),
'lambda': trial.suggest_loguniform('lambda', 1le-20, 1.0),
'grow_policy': trial.suggest_categorical ('grow_policy', ['depthwise', 'lossguide'])
}
xgb_cv_results = xgb.cv(params=param, dtrain=dtrain, num_ boost_round=3000,
early_stopping_rounds=100, nfold=N_FOLDS, seed=SEED, stratified=False,
verbose_eval=False)
trial.set_user_attr('n_estimators', len(xgb_cv_results))
print (len (xgb_cv_results))
best_score = xgb_cv_results['test-rmse-mean'].values[—-1]
return best_score
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SEED = 777
N_FOLDS = 2

train_x_ _tmp = train_x

test_x_tmp = test_x

study = optuna.create_study(direction="'minimize') # 'maximize'
study.optimize (objective, n_trials=10, timeout=36000)

trial = study.best_trial

print ('Number of finished trials: ', len(study.trials))

(
print ('Best trial:'")
(

print (' Value: {}'.format (trial.value))

print (' Params: ')

for key, value in trial.params.items():
print (' {}: {}'.format (key, value))

N _ESTIMATORS = trial.user_attrs|['n_estimators']
print (' Number of estimators: {}'.format (N_ESTIMATORS))

# RBIEINTHA—H
study.best_params
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dtrain = xgb.DMatrix(train_x, label=train_y)

dtest = xgb.DMatrix(test_x)

num_round = 4000

params = {'booster': 'gbtree',
'objective': 'reg:squarederror',
'alpha': 1.0776776138215445e-13,
'colsample_bylevel': 0.5625213949446577,
'colsample_bynode': 0.09573684898429258,
'colsample_bytree': 0.8727761114533332,
'eta': 0.022549140985011738,
'gamma': 2.9186077250310154e-16,
'grow_policy': 'depthwise',
'"lambda': 7.142884752341316e-20,
'max_depth': 16,
'min_child_weight': 161,
'subsample': 0.8403318584740613,
'random_state': 777

}
# NAN—NFTA—EDERE, FEDET. TR, RERT—%

model = xgb.train (params, dtrain, num_round)
pred = np.round (model.predict (dtest))
out = pd.DataFrame ({'dataid':dataid, 'prediction':pred})

out.to_csv('drive/My Drive/ML/submission.csv',index=False)

< 7oy T (RACE%%Z 6 EKYRLTFIEDEHNEH) L-NKELET : Private Score=6.11458, K)
Public Score=6.16017, L1 2D LHEREBICRBLAONITHRELZS.. 64
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Python 3.8.3 documentation
https://docs.python.org/3/
https://docs.python.org/ja/3/

Scikit—-learn documentation
https://scikit=learn.org/stable/
https://scikit—learn.org/stable/tutorial/machine learning map/index.html

XGBoost i3 & documentation
Tiangi Chen and Carlos Guestrin (2016) “XGBoost: A Scalable Tree Boosting System”
https://xgboost.readthedocs.io/en/latest/index.html

Sebastian Raschka & Vahid Mirjalili (2019) “Python Machine Learning, 3rd Edition”,
Packt Publishing
https://github.com/rasbt/python—machine—learning—book—3rd—edition

note.nkmk.me: https://note.nkmk.me/python/

kaggle: https://www.kaggle.com/

Fafs K& th2Z (2019) [Kaggle THE DT —2 7 #r D B ffiy (B AT s am+t) |
https://github.com/ghmagazine/kagglebook

optuna: https://optuna.readthedocs.io/en/stable/index.html
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