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Bagging

2 Thudc vao nhdm mé hinh hoc két hgp (ensemble-based learning)

2 Cac md hinh Weak learners ma chirng hoc song song va ddc 1ap, két hop cdc md hinh dé xac dinh du
dodan trung binh cia mé hinh

o Vd: Random Forest
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https://www.qgeeksforgeeks.org/bagqging-vs-boosting-in-machine-learning/

Trwong BDH CNTT — Lap trinh Python cho May hoc (CS116)


https://www.geeksforgeeks.org/bagging-vs-boosting-in-machine-learning/

Cac bwéc thwe hién cua mo hinh Bagging

Bude 1 Budc 2 Budc 3 Budc 4

Nhiéu tap hop con dwoc M&t mé hinh co sé dwoc M&i mé hinh dwoc hoc Céc dw doan cudi cuing
tao tir tap di¥ liéu gbc voi tao trén méi tap hop con song song v&i mbi tap dwoc xac dinh bang céach
cac b6 dir liéu bang nay huan luyén va déc 1ap voi két hop cac dw doan tw
nhau, chon cac quan sat nhau tat ca cac mo hinh
c6 thé thay thé
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Random Forest

2  Strdung Bagging (Bootstrap Aggregating) dé& huan luyén tirng md hinh Decision Tree trén mét tap hop
con di¥ liéu ngau nhién khac nhau
o Giam suv twong quan gitra cac cay va lam cho ensemble tr& nén manh mé hon

Random Forest Simplified

Instance
Random Forest

D © © © o €

Tree-n

Class-A Class-B Class-B

I Majority-Voting 1‘ I

'Final-Class |

https://en.wikipedia.org/wiki/Random forest
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https://en.wikipedia.org/wiki/Random_forest

Siéu tham so6 quan trong

2 Siéu tham sé dé tang kha nang du doan
O Random Forest sklearn

n_estimators max_features min_samples_leaf criterion
SO cay trong rung - S0 luogng déc trung S6 lwong mau tbi Chic nang do ludng
The number of trees can xem xét khi tim thiéu can cé & mot nut chat lugng cua sy
in forest ki€ém su phan chia l& phan chia
tot nhat

max_depth
Do sau t0i da cua cay. Néu
Khoéng, thi cac nut sé duogc
ma& rong cho dén khi tat ca
cac la déu thuan tay hodc
cho dén khi tat ca cac la
chtra it hon
min_samples_split

max_leaf_nodes
Phat trién vai
max_leaf_nodes theo
céch t6t nhat dau tién

Trwong BDH CNTT — Lap trinh Python cho May hoc (CS116)
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https://scikit-learn.org/stable/modules/generated/sklearn.ensemble.RandomForestClassifier.html

Uu di

(DN
=

Hiéu qua

Puwoc coi la mé hinh rat
chinh xac va manh mé va
chay hiéu qua trén tap dir

liéu I&n

Xt |y chiéu dir liéu
cao (high
dimensionality)
Co thé xi Iy cac tap dir
liéu co so lwong dac

trwng cao va khong yéu
cau chia ty 1é dac trung

Trwong BDH CNTT — Lap trinh Python cho May hoc (CS116)

Tinh linh hoat

C6 thé dwoc st dung cho
bai toan héi quy va phan
loai, ddng thdi chung
twong dbi dé diéu chinh
vi khéng yéu cau diéu
chinh siéu tham sb nhiéu

)



(DN
=

Uu di

Manh me vai dir lieu
outlier & non-linear

it c6 xu huwéng overfitting
va manh mé dbi véi cac
ngoai €, cling nhw c6 kha
nang md hinh héa mbi
quan hé phi tuyén tinh,
phtrc tap

Parallelizable

Viéc huén luyén cac cay

khac nhau c6 thé dwoc

thwe hién song song vi

moi cay dwoc xay dung
doéc lap

Trwong BDH CNTT — Lap trinh Python cho May hoc (CS116)

Feature Importance

Puwa ra wéc tinh tot vé
nhirng ddc trung nao la
quan trong trong di liéu co
ban dang dwoc [ap mo
hinh hoa
— Iwa chon tinh nang
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Nhwoc d
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Interpretability

Kho dién giai so véi cay
quyét dinh

Computational
complexity

C6 thé tao sb lwong cay
quyét dinh kha I&n va ton
nhiéu bd nh¢

Trwong BDH CNTT — Lap trinh Python cho May hoc (CS116)

Bias with imbalanced
data

C6 thé c6 bias doi véi 16p
chiém da s6 khi xtr ly cac
tap dir liéu mat can bang
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Vi du

Notebook example

from sklearn.ensemble import RandomForestClassifier

rf = RandomForestClassifier(criterion="'gini’',
n_estimators=780,
min_samples_split=108,
min_samples_leaft=1,
max_features='"auto',
oob_score=True,
random_state=1,
Nn_jobs=-1)

rf.fit(train.ilocl[:, 1:]1, train.ilocl[:, B81)

print("%.4f" % rf.oob_score_)

B6.8294

Trwong BDH CNTT — Lap trinh Python cho May hoc (CS116)
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https://www.kaggle.com/code/zlatankr/titanic-random-forest-82-78

Boosting

2 Thudc vao nhdm mé hinh hoc két hgp (ensemble-based learning)
2 Weak learners hoc tuan tu va thich &ng dé cai thién duw dodn md hinh cda thuat todn hoc

a1 AdaBoost, XGBoost, LightGBM, CatBoost
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Ensemble
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0000 O [ 9000 00000
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https://www.qgeeksforgeeks.orq/baqgqging-vs-boosting-in-machine-learning/
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https://www.geeksforgeeks.org/bagging-vs-boosting-in-machine-learning/

@

Cac bworc cai dat phwong phap Boosting

Step 1 Step 2 Step 3 Step 4

————

Initialise the dataset Provide this as input to Increase the weight of the if (got required results)
and assign equal the model and identify wrongly classified data
weight to each of the the wrongly classified points.

data point data points
'\ else

Trwong BDH CNTT — Lap trinh Python cho May hoc (CS116)




How Gradient Boosting Work?

Data Set: (X, Y")

Fi(X) Fy(X) 1 F (X)

Tree 1 Tree 2 Tree m

| | | |

Compute Compute cx; Compute Compute cx» Compute Compute ¢¥; Compute Compute v,
Residuals Residuals Residuals Residuals
(T1) (T2) (Ti) (Tm)

l l l l
l

Fm{X) = Fn (X:} + aphn {X: 5"'m—l)'-
where «x;, and r; are the regularization parameters and residuals computed with the it" tree respectfully, and h;

is a function that is trained to predict residuals, r; using X for the it" tree. To compute c; we use the residuals
L

computed, 7; and compute the following: arg min = E L(Y;, Fi_1(X;) + ahi(X;, ri_1)) where
(a3
i=1
L(Y, F(X)) is a differentiable loss function.

https://docs.aws.amazon.com/sagemaker/latest/dq/xgboost-HowltWorks.htm|
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https://docs.aws.amazon.com/sagemaker/latest/dg/xgboost-HowItWorks.html

Gradient Boosting: Vi du

Ban c6 thé xay dung md hinh
Gradient Boosting dé du’ doan
muc lueng dua trén s6 nam kinh
nghiém khong?

Year

Salary (1000 S)

82

7 80
12 103
23 118
25 172
28 127
29 204
34 189
35 99
40 166

Trwong BDH CNTT — Lap trinh Python cho May hoc (CS116)
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Gradient Boosting: Vi du

1 Buwdc dau tién: mo hinh nén dugc khoi tao bang modt ham FO(x).
1 Tinh toan sai s6 dw cho tieng tredng hop (y - FO(X)).

Fi{x) = argmin, zﬂ:l-'z-, )
=
) . ) 12
argmin, EL@-‘F Y) = argmin, ;(J*'f —7) 23
- [ 25
28

[<1=

L.
=]

Fo()==+ =

35

103
118
172
127
204
189

166

)

https.//www.analyticsvidhya.com/blog/2018/09/an-end-

to-end-quide-to-understand-the-math-behind-xgboost/
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https://www.analyticsvidhya.com/blog/2018/09/an-end-to-end-guide-to-understand-the-math-behind-xgboost/
https://www.analyticsvidhya.com/blog/2018/09/an-end-to-end-guide-to-understand-the-math-behind-xgboost/

Gradient Boosting: Vi du

a St dung sai sb du (y - FO(x)) dé tao mét bd hoc yéu h1(x)
1 Dy doan duwoc tinh: F1(x) = FO(x) + h1(x)

X
h1(x) 3
\ 7
y-Fo0 ‘ 12
52, 54, -31, -16, 38, -T, 70, 55, -35, 32 a3

/\ :

X==23
-38.25

J

x> 23 29
25.5 34

35

Trwong BDH CNTT — Lap trinh Python cho May hoc (CS116)

103
113
172
127
204
169

166

y-F0

-52

31
16

70
55

-35

32

hi

-38.25
-38.25
-38.25
-38.25

25.50
25.50
25.50
25.50
25.50
25,50

F1

95.75
95.75
95.75
95.75
159.50
159.50
159.50
159.50
159.50
159.50
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Gradient Boosting: Vi du

O Viéc nay cé thé 13p lai thém 2 [an dé tinh todn h2(x) va h3(x).

h2(x)
h3(x)
-F1
y y-F2
13.75, 15.75, 7.25, 22.25, 12.5, -32.5, 44.5, 29.5, 205, -22.5, 0.5, 15.5, 5.75, -39.25, 37.75, 22.75,
-60.5, 6.5 -33.5,33.5

| J/\[ = o
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Gradient Boosting: Vi du

)

2 MSE cho FO(x), F1(x) va F2(x) 1an lwot 1a 875, 692 va 540 — Xay dwng h4(x), h5(x) .. va so sanh

MSE?

12
23
25
28
29

35

&2

103

118

172

127

189

166

134
134
134
134
134
134
134
134
134
134

y-F0

h1

-38.25
-38.25
-38.25
-38.25
25.50
25.50
25.50
25.50
25.50
25.50

F1

95.75
95.75
95,75
95,75
159.50
159.50
159,50
159,50
159.50
159.50

y-Fi
-13.75

-15.75
.25
22.25
12.50
-32.50
44,50
29.50
-60.50
6.50

6.75
6.75
B.75
6.75
6.75
6.75
B.75
6.75
-27.00
-27.00

F2

102.50
102.50
102.50
102.50
166.25
166.25
166.25
166.25
132.50
132.50

y-F2

-20.50
-22.50
0.50
15,50
575
-39.25
3775
22,75
-33.50
33.50
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h3
-10.08333
-10.08333
-10.08333
-10.08333
-10.08333
-10.08333
15.12500
1512500
1512500
15.12500

F3
92.41667
92.41667
92.41667
92, 41667

156.16667

156.16667

181.37500

181,37500

14762500

147.62500
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Gradient Boosting: Residual Error

o Tai glal doan ma do chinh xac t6i da dwoc dat bang phwo’ng phap boosting, cac sai s6 dw xuat hién
c6 vé dwoc phan bd ngau nhién ma khong co6 bat ky mau nao.

25

160 _’

Salary in $1000
--'--_.-.--..-__
Residuals

-25

—— ,/

10 20 30 40
Years of Experience
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Sw khac biét gitra Bagging va Boosting

Bagging

Boosting

Giam sy bién dong

Giam su thién vj

M6i mé hinh dwoc xay dwng doc
lap

Cac m6 hinh méi bi anh huwdng boi
hiéu suat cua cac mé hinh dwoc xay
dwng trudc do

Cac mo hinh yéu (weak models)
dwoc huan luyén song song

Céac m6 hinh yéu (weak models)
dwoc huan luyén tuan ty

Trwong BDH CNTT — Lap trinh Python cho May hoc (CS116)
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XGBoost (Extreme Gradient Boosting)

O Cac md hinh XGBoost (regularizing gradient boosting) dwgc st dung nhiéu & cac cudc thi Kaggle Competitions
O Documentations & paper

Cache awareness and Regularization for
out-of-core computmg - avoiding overfitting

Tree pruning Efficient
using depth-first handling of
approach missing data
XGBoost
Parallelized | In-built cross-
tree building - validation
capability

Trwong BDH CNTT — Lap trinh Python cho May hoc (CS116)


https://xgboost.readthedocs.io/en/latest/tutorials/model.html
https://arxiv.org/pdf/1603.02754.pdf

XGBoost: Toi wu hoa & cai tiéen

01

02

Hop tac ctia cdc md hoc yéu — dan dén mot
mo hinh rat phic tap — XGBoost st dung
ca L1 va L2 dé trirng phat md hinh rét phic
tap.

Regularization

Chung ta khdng thé hudn luyén nhiéu cay
cung ldc, nhung nd cd thé tao ra cac nat
khac nhau cua cady mot cach song song —
dir liéu can dugc sap xép theo thir tu.

Parallelization and Cache block

Trwong BDH CNTT — Lap trinh Python cho May hoc (CS116)
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XGBoost: Toi wu hoa & cai tiéen

03

04

o  XGBoost c6 thé xtr ly dir liéu thu'a thét cd
thé dugc tao ra tir cac budc tién xir ly hodc
gia tri thi€u. N6 sir dung mot thuat toan tim
phan chia dac biét.

Sparity Awareness

o  XGBoost sir dung tham sé max_depth dé
xac dinh diéu kién dirng cho viéc chia

Tree Pruning nhanh va bat dau tia cay tu phia sau.

e Tiép can theo chiéu sau nay cai thién
dang ké hiéu suat tinh toan.

Trwong BDH CNTT — Lap trinh Python cho May hoc (CS116)
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XGBoost: Toi wu hoa &

In-build Cross Validation

Weighted Quantile Sketch

Cache awareness and Out-of-

core computing

XGBoost cd tich hgp tinh ndang xac thuc chéo dugc
thuc hién & mdi vong I3p trong qué trinh tao md
hinh. Diéu nay ngan chan tinh trang qua khdp khi
tap dir lieu khong qua Ian.

XGBoost tich hgp s3n thuat toan weighted
quantile sketch cé tinh phan phéi, gitip dé dang
tim cac diém chia t6i uu trong cac tap di liéu co
trong sO.

XGBoost tan dung tai nguyén phan cirng mot
cach hiéu qua va hdp ly. XGBoost s(r dung tinh
nang tinh todn ngoai bd nhé dé t6i vu hoa
khong gian dia c6 sdn — XGBoost ¢& géng
giam tap dir liéu bang cach nén no.

Trwong BDH CNTT — Lap trinh Python cho May hoc (CS116)
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Hiéu qua cua viéc chinh quy hda trong XGBoost‘

A User's interest A User's interest
X X 5 XX X Py
X =
X X
% X X —d
> > {
Observed user’s interest on topic k b bttt
against time t [X] Too many splits, Q(f) is high
A User's interest A User's interest
o e —— S
X X
X : x|
» X X 1 A
: i
] L}
1 - t 1 > t
t, t,
[X] Wrong split point, L(f) is high [V] Good balance of Q(f) and L(f)

https://xgboost.readthedocs.io/en/stable/tutorials/model. ht
ml
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https://xgboost.readthedocs.io/en/stable/tutorials/model.html
https://xgboost.readthedocs.io/en/stable/tutorials/model.html

Tim kiém phan tach nhan biéet thwa thot

C6 nhiéu nguyén nhan cé thé gay ra tinh trang thwa thot

Cac hién tugng tao

ra tir k§ thuat dac

trung nhu' ma hoa
one-hot.

Cac muc nhap khong

thudng xuyén co gia

tri bang khong trong
thong ké.

Su xuat hién cua

cac gia tri thiéu
trong dir liéu.

Trwong BDH CNTT — Lap trinh Python cho May hoc (CS116)
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XGBoost xtr ly cac gia tri bi thieu nhw the nao?

Algorithm 3: Sparsity-aware Split Finding

Input: I, instance set of current node
Input: I = {i € I|z;; # missing}
Input: d, feature dimension

?m m NS \ ?
Cal tlen quan trong Ia Chl Also applies to the approximate setting, only collect

statistics of non-missing entries into buckets

xem xét cac muc khdng bi o S, WHe T b
for k=1 to m do

thié’u, xem Viéc khang XUé’t // enumerate missing value goto right

G+ 0, HL « 0

‘A A HE4 : A ~ for j in sorted(I;., ascent order by x;;) do
hién nhu’ mot gia tri thi€u va G oty axpent cpter By xon)

V4 ? V4 -7 . .V Gr+ G—-—Gr, HR +— H—- Hy
hoc cach xu' ly gia tri thieu seore « max(score, ziks + 7ok — 62
N y A7 A7 end
// enumerate missing value goto left

mot cach tot nhat. (/ enmerate mis
for j in sorted(Iy, descent order by x;.) do
Gr<+ Gr+gj, Hr <+ Hr + h;
Gr+— G—Ggr, HL + H— Hp

a2 G2 a2
5 Py S L I T
score + max(score, 5 + -t — wx)

end
end
Output: Split and default directions with max gain

https.//arxiv.org/pdl/1603.02754.pd
f'

Trwong BDH CNTT — Lap trinh Python cho May hoc (CS116)



https://arxiv.org/pdf/1603.02754.pdf
https://arxiv.org/pdf/1603.02754.pdf

Tuy chinh ham muc tiéu

Chung ta can tinh
toan do doc
(gradient) va ma
tran Hessian cua
ham muc tiéu
(objective
function).

%[Eog(pred + 1) — log(label +1)]?

https.//www.kaggle.c
omy/competitions/mb5-
forecasting-
accuracyydiscussion/1
40564

import numpy as np
import xgboost as xgb
from typing import Tuple

def gradient({predt: np.ndarray, dtrain: xgb.DMatrix) -= np.ndarray:
'"'"Compute the gradient squared log error.'''
y = dtrain.get_label()
return (np.loglp(predt) - np.logip(y)) / (predt + 1)

def hessian(predt: np.ndarray, dtrain: xgb.DMatrix) -> np.ndarray:
'"'Compute the hessian for squared log error.'''
y = dtrain.get_label()
return ((-np.loglp(predt) + np.loglp(y) + 1) /
np.power (predt + 1, 2))

def squared_log(predt: np.ndarray,
dtrain: xgb.DMatrix) -= Tuple[np.ndarray, np.ndarray]:
'''Squared Log Error objective. A simplified version for RMSLE used as
objective function.

predt[predt < -1] = -1 + le-6
grad = gradient(predt, dtrain)
hess = hessian(predt, dtrain)
return grad, hess

xgb.train({'tree_method': 'hist', 'seed': 1994}, # any other tree method is fine.
dtrain=dtrain,
num_boost_round=10,
obj=squared_log)

https.//xgboost.readthedocs.io/en/stable/tutorials/cus
tom metric obj.htm/

Trwong BDH CNTT — Lap trinh Python cho May hoc (CS116)
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https://www.kaggle.com/competitions/m5-forecasting-accuracy/discussion/140564
https://www.kaggle.com/competitions/m5-forecasting-accuracy/discussion/140564
https://www.kaggle.com/competitions/m5-forecasting-accuracy/discussion/140564
https://www.kaggle.com/competitions/m5-forecasting-accuracy/discussion/140564
https://www.kaggle.com/competitions/m5-forecasting-accuracy/discussion/140564
https://xgboost.readthedocs.io/en/stable/tutorials/custom_metric_obj.html
https://xgboost.readthedocs.io/en/stable/tutorials/custom_metric_obj.html

Tuy chinh do do danh gia

)

2 Sau khi c6 mét ham muc tiéu méi, chidng ta c6 thé can mot dé do twong (rng dé theo ddi hiéu suat cua

mo hinh cua chung ta.

def rmsle(predt: np.ndarray, dtrain: xgb.DMatrix) -> Tuple[str, float]:
""" Root mean squared log error metric.'''
y = dtrain.get_label()
predt[predt = -1] = -1 + 1le-6
elements = np.power(np.logip(y) - np.loglp(predt), 2)
return 'PyRMSLE', fTloat(np.sqrt(np.sum{elements) / len(y)))

xgb.train({'tree_method"': 'hist', 'seed': 1994,
'disable_default_eval metric': 1},

dtrain=dtrain,
num_boost_round=18,
obj=squared_log,
feval=rmsle,
evals=[(dtrain, 'dtrain'), (dtest, 'dtest'}],
evals_result=results)

Trwong BDH CNTT — Lap trinh Python cho May hoc (CS116)



Uu diém cua XGBoost

Hiéu suat

Tao ra cac két qua chét
lwong cao trong cac
nhiém vu hoc may da
dang (vi du: Cudc thi
Kaggle).

Kha nang mo rong

Puorc thiét ké dé huan
luyén hiéu qua va co6 kha
nang mé rong cla cac
mo hinh hoc may, lam
cho né phu hop cho cac
tap di¥ liéu Ion.

Kha nang tuy chinh

Su da dang cac siéu tham
s0 c6 thé duoc diéu chinh
dé t6i wu hiéu suat, lam
cho XGBoost cé tinh tuy
chinh cao

Trwong BDH CNTT — Lap trinh Python cho May hoc (CS116)

Giai quyét gia tri
thiéu
H6 tro tich hop san dé xir ly

gia tri thiéu, gidp lam viéc
véi dit liéu thuc t€ dé dang.
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Nhwoc diem ciia XGBoost

Do phurc tap tinh
toan

VAn cé thé mat thoi gian va
doi hoi tai nguyén tinh toan
dang ké ddi vdi cac tap dir
liéu l&n hodc cac mo hinh
phtrc tap.

Overfitting
Néu khéng duoc diéu
chinh mét cach thich hop
hodc néu di¥ lieu cé
nhiéu, tap di liéu huan
luyén nhé nhwng st dung
mé hinh phtrc tap cé thé
dan dén hién twong
overfitting

Tinh chinh siéu tham
so

Yéu c3u hiéu biét tot vé

cac siéu tham so va viéc

diéu chinh va toi uu héa
can than.

Trwong BDH CNTT — Lap trinh Python cho May hoc (CS116)

Lack of
Interpretability

Twong tw nhw nhiéu
phwong phap hop tac
khac, cac dw doan dwoc
thwe hién b&i XGBoost
khéng dé dang co thé giai
thich.
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Luwu

r

Vv

é

d

e

u chinh tham so

Luu y vé diéu chinh thams6 @

@

Ki€ém soat truc tiép do phirc tap ciia mo hinh
@ Dai s6: max_depth, min_child_weight, gamma

(min_split_loss), lambda, alpha
O Kiém soat
Overfitting
Thém su ngau nhién dé lam cho qua
trinh huan luyén chéng lai nhiéu.

Huan luyén nhanh D6i s6: subsample, colsample_bytree

* hon
tree_method: hist,
gpu_hist

Chi s6: AUC — Céan bang trong so tich

. cuc va tiéu cuc thong qua tham so

. L scale_pos_weight.

Giai quyét van
dé mat can
bang dirlieu Néu ban quan tdm dén viéc du doan

O xac suat chinh xac, Tham so:

max_delta_step
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XGBoost: Tips for Hyperparameters Tuning

Tuning parameters — expert approach (xgboost)

Tuning parameters = experience + intuition + resources at hand

Typical routine:

1

Set learning rate (eta) parameter 0.1-0.2 (based on dataset size and available resources); all other parameters at default;
personal experience: eta does not influence other parameter tuning!

Test maximum tree depth parameter, rule: 6-8-10-12-14; pick best performing on CV

Introduce regularization on leaf splits (alpha/lambda), rule: 22k; IF it helps on CV, try to tune it as much as possible!

Tune min leaf node size (min_child_weight), rule: 1-0-5-10-20-50; IF it helps on CV, try to tune it as much as possible; IF it does
not help, use value 0 (default = 1 is worse most of the times!); If 3-4 works — repeat step 2.

Tune randomness of each iteration (column/row sampling); Usually 0.7/0.7 is best and rarely needs to be tuned

Decrease eta to value which you are comfortable with your hardware; 0.025 is typically a good choice; lower values than 0.01
don’t provide significant score uplift

If training time is reasonable, introduce bagging (num_parallel_trees) — how many models should be averaged in each training

iteration; random forests + gradient boosting © recommended value - up to 5.

https.//www.slideshare.net/DariusBaruauskas/tips-and-tricks-to-win-kaggle-

data-science-competitions
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https://www.slideshare.net/DariusBaruauskas/tips-and-tricks-to-win-kaggle-data-science-competitions
https://www.slideshare.net/DariusBaruauskas/tips-and-tricks-to-win-kaggle-data-science-competitions
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LightGBM

a Two’ng tw nhw XGBoost, LightGBM (do Microsoft phat trién) la mot framework phan tan hiéu nang
cao s dung cay quyét dinh cho nhiém vu xép hang, phan loai va hoi quy.

LightGBM

TOc do huan luyén b6 chinh xac t6t C6 kha ndng xtr ly

hon dir liéu quy mo 1én.

nhanh hon va hiéu qua St&r dung bo nhé it hon
tot hon
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https://lightgbm.readthedocs.io/en/latest/Features.html

)

Leaf-wise (Best-first) Tree growth

1 NO séchonlaco do 16i delta tbi da dé phat trién.
a  Gilr nguyén so 14, thuat toan dua trén la thworng dat dwoc ty 186 mat mat thap hon so voi thuat

toan dwa trén murc.
1 Dwatrénlaco thé gay ra tinh trang overfltlng khi tap di¥ liéu nhd, vi vay LightGBM bao goém

tham s6 max_depth dé gi¢i han dd sau cla cav.

o/’\o-.’;'}\‘.; ...... '/.\'-}‘/o\/:\-} = .

Level-wise tree growth
Leaf-wise tree growth
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Optimization in Speed and Memory usage

a2 Nhiéu cdng cu boosting st dung thuat toan dwa trén sap xép truwdc (vi du: thuat toan mac
dinh trong xgboost) dé hoc cay quyét dinh
o LightGBM st dung thuat toan dwa trén biéu dd histogram — nhom cac gia tri dac trung

(thubc tinh) lién tuc vao cac thung riéng biét

Reduce cost of Use histogram

calculating the gain subtraction for
for each split further speedup

Reduce memory
usage

No need to store
additional information for
pre-sorting feature values

Use small data type to
store data (int8: bins)

Histogram-based O(bins) > To get one leaf's histograms

pre-sort based O(data) in a binary tree, use the
histogram subtraction of its

parent and its neighbor
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Phan chia toi wu cho cac dac trietng hang muc

2 Khdng st dung ma héa one-hot (khéng tdi wu cho cac md hinh hoc cay)
1 Sap x&p cac danh muc theo muc tiéu huan luyén tai moéi phan chia
2 LightGBM sap xép biéu db6 (cho mét dac trung hang muc) dwa trén gia tri tich 10y cta né

(sum_gradient / sum_hessian) va sau do tim diém chia tét nhat trén biéu dé da dwoc sap xép.
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Dieu gi lam cho LightGBM nhanh?

1 Reference

3 GOSS (Gradient Based One Side Sampling)

a2 Gil lai cac trwdng hop co gradient I&n trong khi thwe hién 1dy mau ngau nhién trén cac trwdng
hop co dd déc nhé.
1 EFB (Exclusive Feature Bundling)
a2  Gidm sb lwong dac trung bang cach gom cac dac trwng lai véi nhau.
o DU liéu cé nhiéu dac trweng ma chung la dac trwng déc quyén lan nhau, tlrc la chiing khéng

bao gi® co gia tri bang khéng cung mét luc — gom chdng thanh mét dac trwng duy nhét.
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https://towardsdatascience.com/what-makes-lightgbm-lightning-fast-a27cf0d9785e

Lwu y khi tinh chinh tham so

Toc do hoc va so
luong udc luong

Toc do hoc thap —
thuwong mang lai két qua
tot hon nhung yéu cau
nhiéu tai nguyén tinh toan
hon.

Kiém soat do phurc Ngin chin

tap cua cac cay. Overfitting
max_depth
num_leaves (<=

2Amax_depth) min_data_in_leaf

feature_fraction
(~colsample_bytree)
bagging_fraction
regularization: lambda_lIT,
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Early Stopping

early_stopping_rounds:
50, 100
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CatBoost

Tw déng xt&r ly cac dac treng hang muc.

Cho phép Fast Gradient Boosting trén Cay quyét dinh bang cach s dung GPU.
Github

Documentations

oo

CatBoost
Open-source ML library
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https://github.com/catboost/catboost
https://catboost.ai/en/docs/references/training-parameters/common

AutoML

O Qua trinh ty dong hda toan bd quy trinh ap dung mdy hoc cho cac bai todn thuyc té.
3 AutoML Tools: H20 AutoML, PyCaret, AutoGluon, Auto-sklearn,..

Traditional ML training AutoML
workflow workflow

Define
problem Define
problem
Collect data

" Collect data
Train model reprocess
data
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Tai sao can AutoML?

Tu dong hda tinh
chinh siéu tham
s

Ty dong hoa xtr Iy dit Tu dong héa thiét ké

lieu dac trung
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Tu déng hoa viéc
danh gia va lua
chon mo hinh.
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)

H20 AutoML

a Co thé st dung dé tw dong hoa lubng lam viéc trong hoc may, bao gom viéc tw ddng huan luyén va
diéu chinh nhiéu md hinh trong mét thdi gian dwgec nguwdi dung chi dinh.
0 Dé xuat nhiéu phwong phap giai thich mé hinh - model explainability
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http://docs.h2o.ai/h2o/latest-stable/h2o-docs/explain.html

H20 AutoML: Vi du

O Example notebook

Nhan dién bién du
doan va bién phan
hoi.

Chay AutoML cho
30 mo hinh co sé.

Xem bang xép
hang AutoML.

train.columns|:-1]

'isFraud’

F oW M
1

C ¥ For binary classification, response should be a factor

train[y] = train[y].asfactor()

aml = H20AutoML(max_models=38, seed=55, max_runtime_secs=36860608)

aml.train(x=x, y=y, training_frame=train)

# View the AutoML Leaderboard
1b = aml.leaderboard

lb.head{rows=1b.nrows) # Print all rows instead of default (718 rows)

model_id auc
XGBoost_1_AutoML_20200722_023615 0.958309
StackedEnsemble_AllModels_AutoML_20200722_023615 0957977
StackedEnsemble_BestOfFamily_AutoML_20200722_023615 0.957977
XGBoost_2_AutoML_20200722_023615 0.8903715

logloss
0.0586498
0.0649631
0.0649631
0.110041

mean_per_class_error
0.168992
0.169127
0.169127
0.225731
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rmse
0.118115
0.118389
0.118389
0.144857

mse
0.0139513
0.014016
0.014016
0.0209837
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https://www.kaggle.com/code/tunguz/ieee-with-h2o-automl

)

H20 AutoML: Giai thich mo hinh

a2  HO tro gidi thich mé hinh don va nhiéu m6 hinh

Summary Plot

Variable importance w . "
for "XGBoost_grid__1_AutoML_20201004_222427 model 2" for "XGBoost_grid__1_AutoML_20201004_222427_model_2

alcohol ®
alcohol
volatile.acidity e o ° o0 oo 000

volatile acidity .
free.sulfur.dioxide ° e @

free sulfur dioxide sulphates
total.sulfur.dioxide e e
total sulfur dioxide .
] normalized_value
residual.sugar 100

-_;-_: chlorides g density 075
2 3 0.50

> residual sugar w chlorides
025

citric.acid
pH 0.00

pH

sulphates fixed.acidity

type.white

citric acid yp!
type.red
density
type.missing.NA.
0.00 025 0.50 075 1.00 p
Variable Importance SHAP Contribution

Trwong BDH CNTT — Lap trinh Python cho May hoc (CS116)



PyCaret AutoML

4

J
J

PyCaret Ia thw vién may hoc ma ngudn mé, thu vién

hda quy trinh may hoc
Github
Documentations

Data Model Hyperparameter
Preparation Training Tuning

Analysis & Model Experiment
Interpretability Selection Logging
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may hoc ngdn ngir thap Python cho phép tw déng


https://github.com/pycaret/pycaret
https://pycaret.gitbook.io/docs/

PyCaret: Xw ly dir liéu

O Details

Chuan bi dir liéu

D liéu bj thiéu
Categorical encoding: One-
hot, Label encoder,..
Target imbalanced
Remove outliers

Quy mo6 va chuyén
doi

Normalization
Feature Transformation
Target Transformation

Thiét ke dac trung

Feature Interaction
Group Aggregations
Binning Feature
Cluster Feature

Trwong BDH CNTT — Lap trinh Python cho May hoc (CS116)

Lua chon dac trung

Feature Selection
Method: univariate,
sequential,..
Remove Multicollinearity
PCA
Ignore Low Variance

)


https://pycaret.gitbook.io/docs/get-started/preprocessing

PyCaret: Tinh nang

O Details

Khai tao

Tao ra céc pipeline bién d6i
dén tat cd tham sd dua vao
ctia ham
Da4i s6 yéu cau: data, target

Huan luyén
Huén luyén va danh gié
hiéu suét cla tat ca cac

bd woc lwong co san

trong thw vién mé hinh
bang cach s dung kiém
tra chéo.C
So sanh mo hinh, tao moé
hinh

Toi uu

Ham nay tinh chinh cac
siéu tham s cia mod
hinh.

Tinh chinh mo hinh, tao
mo hinh két hgp va t6i uu
hdéa ngudng,...

Phan tich

Phan tich va giai thich mo
hinh
Vé d6 thi mo hinh, dién
giai mo hinh, ki€ém tra tinh
cong bang,...
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Trién khai

Céac chirc nang trién khai
nhu mo hinh du doan, luu

mo hinh, ki€ém tra sy thay
doi dix liéu, trién khai trén
AWS, Azure, Tao API,
Docker



https://pycaret.gitbook.io/docs/get-started/functions

PyCaret: Vi du

2 Notebook example
O Example github

« Normalization of the numerical features with Z-Score.

« Feature Selection with permutation importance technigques.

« Qutliers Removal.

» Features Removal based on Multicollinearity.

+ Features Scalling Transformation.

« Ignore low variance on Features.

+ PCA for Dimensionality Reduction, as the dataset has many features.

« Numeric binning on the features MonthlyCharges and TotalCharges .
» 70% of samples for Train and 30% for test.

» Fix Imbalance with SMOTE.

expBl = setupldata=data, target="Churn", session 1id=RANDOM SEED, ignore features=["customerID"],
numeric_features=["SenicrCitizen”], normalize=True,
feature selection=True, remove outliers=True,
remove multicollinearity=True, fix_imbalance=True,
transformation=True, ignore low variance=True, pca=True,
bin_numeric_features=["MonthlyCharges", "TotalCharges"],
silent=True, experiment_name="customer-churn-prediction”,
log experiment=True)
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https://www.kaggle.com/code/frtgnn/pycaret-introduction-classification-regression
https://github.com/pycaret/examples/blob/main/PyCaret%202%20Customer%20Churn%20Prediction.ipynb

PyCaret: Vi du

a2 So sanh cac mé hinh, diéu chinh siéu tham sb, md hinh tap hop (bagging, boosting, blending)
O Example github

top_model = compare_models(fold=K_FOLDS, bagged model = ensemble model(tuned model, fold=K FOLDS)
sort="r1",

n_select=1,
blacklist=["gbc", "catboost"])

Model Accuracy AUC Recall Prec. F1 Kappa MCC TT (Sec) boosted model = ensemble model(tuned model, fold=K FOLDS,
— i method="Boosting")
0 Logistic Regression 0.7516 0.8373 0.7777 0.5349 06336 04353 04739 0.0468
1 Ridge Classifier 0.7416 0.0000 0.7897 0.5216 0.6279 0.4424 0.4853 0.0136
2 Linear Discriminant Analysis 07414 0.8358 0.7897 05213 06277 04421 0.4650 0.0485 i ]
blended model = blend models(estimator list=[tuned model, boosted model],
=) SVM - Linear Kernel 0.7419 0.0000 0.7356 0.5253 0.6115 0.4267 0.4417 0.0532 fold=K_FOLDS)
4 Ada Boost Classifier 0.7464 0.8042 0.7004 05313 06040 04226 04316 1.3652

tuned model = tune model(estimator=top model, fold=K FOLDS,
optimize="F1", choose better=True,
verbose=False)
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https://github.com/pycaret/examples/blob/main/PyCaret%202%20Customer%20Churn%20Prediction.ipynb

AutoGluon AutoML

2 Auto ML cho hinh anh, van ban, chudi thoi gian va dit liéu dang bang
aJ Documentations
O https://github.com/autogluon/autogluon
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https://auto.gluon.ai/dev/index.html
https://github.com/autogluon/autogluon

AutoGluon: Tinh nang

O Details

Diéu chinh siéu tham Két hop mo6 hinh

sO

Thiét ke dac trung
tuy chinh

Bagging
Stacking
Weighted Ensemble

Chuan hoéa
Chuyén déi dac trung
Chuyén déi muc tiéu

Gia tri bi mat
Ma hda phan loai: One-hot,
Ma héa nhan,..
Muc tiéu mat can bang
Xda cac ngoai lé
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Khac
Kha néng giai thich (do
quan trong cua dac
trung)

Tang toc suy luan
Chung cat mau
Ho tro da dit liéu:
tabular+image+text
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https://auto.gluon.ai/dev/tutorials/tabular/index.html

AutoGluon: Vi du

4

Example notebook

# Fit end-to-end with raw data in under 1 hour, with one line of code
predictor = TabularPredictor(
label=1abel,
eval_metric="log_loss'
learner_kwargs={'ignored_columns': ['id"']}
). fit(
train_data,
presets='best_quality',
hyperparameters={
KNNRapidsModel: {},
LinearRapidsModel: {},
'RF': {},
'XGB': {'ag_args_fit': {'num_gpus’': 1}},
'CAT': {'ag_args_fit': {'num_gpus': 1}},
"GBM': [{}, {'extra_trees': True, 'ag_args': {'name_suffix': 'XT'}}, 'GBMLarge'],
'"NN': {'ag_args_fit': {'num_gpus': 1}},
"FASTAL': {'ag_args_fit': {'num_gpus’': 1}},
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https://www.kaggle.com/code/innixma/autogluon-rapids-top-1

Auto-sklearn

o B®é cdng cu may hoc tw ddng va mét cong cu thay thé sdn cé cho cong cu wéce tinh scikit-learn.
O github

Bayesian optimizer

{Xtrm'na thina | data pre- | feature [ '
| — classifier
Xtesta[:} | Processor Preprocessor ClasSIne)

https.//aithub.com/automi/auto-skilearn
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https://github.com/automl/auto-sklearn
https://github.com/automl/auto-sklearn

Auto-sklearn: Lam sao sw dung?

fast ICA

T mm omm omm omm omm omm o omw omw omm omm o omm o omm omw om

'min may | ' s

Lt

import autosklearn.classification

cls = autosklearn.classification.AutoSklearnClassifier()
cls.fit(X_train, y_train)

predictions = cls.predict(X_test)
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eu tham khao

I Iy N N I Ny I

https://web.stanford.edu/class/stats202/intro.html
https://towardsdatascience.com/what-makes-lightgbm-lightning-fast-a27cf0d9785e
http://arogozhnikov.github.io/2016/06/24/gradient_boosting_explained.html
https://aman.ai/cs229/ensemble-methods/
https://web.stanford.edu/class/stats202/notes/Tree/Boosting.html
https://www.geeksforgeeks.org/xgboost/

https://neptune.ai/blog/xgboost-vs-lightgbm

Cheat Sheet: https://drive.google.com/drive/folders/11GiethDMHashf9Gsfx3sPTsJOnl15Zvx
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https://web.stanford.edu/class/stats202/intro.html
https://towardsdatascience.com/what-makes-lightgbm-lightning-fast-a27cf0d9785e
http://arogozhnikov.github.io/2016/06/24/gradient_boosting_explained.html
https://aman.ai/cs229/ensemble-methods/
https://web.stanford.edu/class/stats202/notes/Tree/Boosting.html
https://www.geeksforgeeks.org/xgboost/
https://neptune.ai/blog/xgboost-vs-lightgbm
https://drive.google.com/drive/folders/1IGiethDMHashf9Gsfx3sPTsJOnl15Zvx
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