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Phan loal mo hinh

o M6 hinh hoc c6 giam sat va khdng giam sat:

0 Hoc co giam sét la co di¥ liéu (x) va nhan (y)
o Hoc khéng giam sat la chi co dir liéu (x)
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MO hinh may hoc

1. M6 hinh co ban
1. Ho6i quy tuyén tinh (Linear Regression)
2. Hoi quy luan ly (Logistic Regression)
3. Cay quyét dinh (Decision Tree)

2. Bagging va Boosting

3. M@ hinh dwa trén cau trdc cay

1. Random Forest
2. XGBoost

3. LightGBM

4. CatBoost
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Hoi quy tuyén tinh

duoi.
Chiéu cao (cm) | Can nang (kg) | Chiéu cao (cm) | Can nang (kg)

147 49 168 60
150 50 170 72
153 51 173 63
155 52 175 64
158 54 178 66
160 56 180 67
163 58 183 68
165 59
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Ho6i quy tuyén tinh

a Mot cach tiép can tuyén tinh d& mé hinh héa mdi quan hé gitra mét bién phan hoi
(scalar response) va mdt/ nhiéu bién (explanatory variable) -> M& hinh tham sb
a Nhay cam véi nhiéu/ngoai 1€
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https://machinelearningcoban.com/2016/12/28/line https://machinelearningcoban.com/2016/12/28/line

arregression/ arregression/
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https://machinelearningcoban.com/2016/12/28/linearregression/
https://machinelearningcoban.com/2016/12/28/linearregression/
https://machinelearningcoban.com/2016/12/28/linearregression/
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Hoi quy tuyén tinh: Toan hoc

a Do 16i, wée lwong tham sb, tinh Bias, Variance

Y =0xX+e¢
Lois(B) = R

Bots = (XTX) 7 (XTY)

2

A 12 R
Yi — i * B =”Y—X*5

Bias(hatp) = FE (B) — 3

Variance (5) — o2 (X'X)!
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HOi quy tuyén tinh: DO 161

Error —term = (E (Xﬁ) _X6)2+E(XB_E(XB))

Cau héi dét ra: Lam thé nao dé co
dwoc db phire tap mé hinh t6i wu

Error

A

Variance

__Optimum Model Complexity

é

o >
Model Complexity

https://www.geeksforgeeks.ora/lasso-vs-ridge-vs-elastic-net-ml/
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https://www.geeksforgeeks.org/lasso-vs-ridge-vs-elastic-net-ml/

HOi quy tuyén tinh: Vi du

1 S dung thw vién sklearn & céng thirc toan (Slide 7)

# Step 1: add x8 =1 to dataset
X_train_8 = np.c_[np.ones((X_train.shape[8],1)),X_train]
X_test_@ = np.c_[np.ones((X_test.shape[@],1)),X_test]

# Step2: build model

Parameter  Columns theta Sklearn_theta
theta = np.matmul(np.linalg.inv( np.matmul(X_train_0.T,X_train_0) )
, , 0  theta_0 intersect:x_0=1 7.059171  7.059171
), np.matmul(X_train_0.T,y_train))
1 theta_1 age 0.033134 0.033134
# Scikit Learn module 2 theta_2 bmi 0.013517 0.013517
from sklearn.linear_model import LinearRegression
15 o . 3 theta_3 OHE_male -0.067767 -0.067767
in_reg = LinearRegression()
lin_reg.fit(X_train,y_train) # Note: x_@ =1 is no need to add, skl 4 theta_4 OHE_1 0.149457  0.149457
carn Wil take care of 1t 5  theta5  OHE.2 0.272919  0.272919
S 6 theta6  OHE.3 0.244095  0.244095
sk_theta = [lin_reg.intercept_J]+list(lin_reg.coef_)
parameter_df = parameter_df.join(pd.Series(sk_theta, name='Sklear https://www.kaggle.com/code/sudhirnl7/linear-
n_theta')) regression-tutorial

parameter_df
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https://www.kaggle.com/code/sudhirnl7/linear-regression-tutorial
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ASSO

2 Hoi quy tuyén tinh + L1 Regularization — LASSO
a2 CoO thé sir dung dé chon loc déc truwng (Bai 7)

Liasso = argming (Y = 8= X[ + X <[ 8],
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Ridge Regression

o Hoi quy tuyén tinh + L2 Regularization — Ridge

Lyiage = argming (||V = B X[ + X« |3]3)

where A is regularization penalty.
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Ho6i quy tuyén tinh + Regularizations

a Hoi quy tuyén tinh + (L1 + L2) Regularization — Elastic Net
a2 CoO thé két hop wu diém cla ca Lasso va Ridge

. Y A
LEIHEH{:N et = mgmmﬁ (8) (Z (y B Ifﬁ) ) / 2”"1'/\ ((1 N ﬂ)/ 2% Eil 6;,? o Z;il

i)
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Vi du vé hoéi quy tuyén tinh v&i R
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quy tuyén tinh v&i R

Call:
Im(formula = height ~ age, data = ageandheight)

Residuals:
Min 1) Median 3Q Max
-0.27238 -0.24248 -0.02762 0.16014 0.47238

Coefficients:

Estimate Std. Error t value Pr(=|t])
(Intercept) 64.9283 0.5084 127.71 < 2e-16 ***
age 0.6350 0.0214 29.66 4.43e-11 ***

Signif. codes: @ “***’ g.@01 “**’ @.01 “*’ @.05 .’ 0.1 ¢

Residual standard error: ©.256 on 10 degrees of freedom
Multiple R-squared: ©.9888, Adjusted R-squared: ©0.9876
F-statistic: 880 on 1 and 10 DF, p-value: 4.428e-11
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quy tuyén tinh v&i R

Call:
Im(formula = height ~ age + no _siblings, data = ageandheight)

Residuals:
Min 10 Median 3Q Max
-0.32065 -0.13587 -0.03329 0.17380 0.36860

Coefficients:

Estimate Std. Error t value Pr(=|t]|)
(Intercept) 64.65632 0.50961 126.875 5.96e-16 ***
age 0.64007 0.02038 31.407 1.65e-10 ***
no_siblings ©.09123 6.05970 1.528 8.161

signif. codes: © ‘***’ g.@e1 “**’ @.01 ‘*’ ©.85 ‘.” 0.1 * ’ 1

Residual standard error: 0.2404 on 9 degrees of freedom
Multiple R-squared: .9911, Adjusted R-squared: 0.9891
F-statistic: 499.9 on 2 and 9 DF, p-value: 5.982e-10
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Vi du vé hoéi quy tuyén tinh v&i R
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Logistic Regression - Hoi quy luan ly

a2 U&c lwong cac tham sb clia mé hinh logistic (the coefficients in the linear combination)

20 T T 1 I
Why name is Logistic Regression but can use for
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https://machinelearningcoban.com/2017/01/27/loqgisticregression/
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https://machinelearningcoban.com/2017/01/27/logisticregression/

Hoi quy ludn ly: Vé mat toan hoc

2 Ham Sigmoid

t=p00+ b
t et 1 And the general logistic functionp : R — (0, 1) can now be written as:
0()_8*—|—1_1—|—e‘* t 1
r)=ol(t) =
1 ’P( ) ( ) 1+ e~ (Bo+B12)
K K
= Eyk log, (p(zx)) + Z(l — k) logy (1 — p(@1))
0.5 k=1 k=1
Ham do 16i
—Ie -4 —Iz ° 0 2I 4 tla

https://en.wikipedia.org/wiki/Logistic_regression
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https://en.wikipedia.org/wiki/Logistic_regression

Hoi quy luan ly: Vi du

Notebook example

# train a logistic regression model on the training set

from sklearn.linear_model import LogisticRegression

# instantiate the model

logreg = LogisticRegression(solver='liblinear', random_state=0)

# fit the model
logreg.fit(X_train, y_train)
# probability of getting output as 1 - rain

logreg.predict_proba(X_test)[:, 1]

Huan luyén va dy doan cho md hinh hdi quy luan ly

LogisticRegression(C=1.0, class_weight=None, dual=False, fit_i
ntercept=True,

intercept_scaling=1, 11_ratio=None, max_ite
r=100,

multi_class="warn', n_jobs=None, penalty='l
2',

random_state=0, solver='liblinear’, tol=0.0
801, verbose=0,

warm_start=False)

Tham sb ctia mé hinh héi quy luan ly

Thwc hién bé&i Treong Pai hoc Cong nghé Thong tin, PHQG-HCM



https://www.kaggle.com/code/prashant111/logistic-regression-classifier-tutorial

Tbng két

Cheat Sheet

Visual Representation:

Linear Regression
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What does it fit?

A line in n dimensions

A polynomial of order k

Gaussian distribution for each point

Linear /polynomial

Linear /polynomial

Linear /polynomial with sigmoid

Bayesian Linear Regression

Estimated function

fL.-'.ne-ur(J.._) = By + Bhx;

fg;"’y(vrr} — \5“ -+ .31.1'; + ‘32‘1-;'? +...

N (f.:[-?'r I 92)
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Logistic Regression
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https://drive.google.com/drive/folders/1IGiethDMHashf9Gsfx3sPTsJOnl15Zvx

Cay quyét dinh — Decision tree

2 La mét céng cu gilp ban dwa ra quyét dinh bang cach xem xét tat ca cac lwa chon
c6 sdn va két qua tiém nang cta mbi lwa chon. N6 cling tinh dén cac yéu td nhw rui
ro, chi phi va lgi ich.

a Md hinh khdéng tham so

Branch/ Sub-Tree

Splitting el \
‘ Decision Node A[ Decision Node }
[ Terminal Node ] [ Decision Node ] ‘ Terminal Node J [ Terminal Node w
Terminal Node 1 [ Terminal Node J

https://www.analyticsvidhya.com/blog/2021/08/decision-tree-algorithm/
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https://www.analyticsvidhya.com/blog/2021/08/decision-tree-algorithm/

Cay quyét dinh: Vi du

a2 Hém nay trdi ndng, dé am cao, gioé yéu. Ching ta cé nén choi cau Idng khdng?
a Chung ta co6 nén quyét dinh dwa trén thoi tiét khdng?

@
|

Sunny - Cloudy Rainy

Humidity Yes Wind
/High Norr{ }mn g Wes{
No Yes No Yes

https://www.hackerearth.com/practice/machine-learning/machine-learning-
algorithms/ml-decision-tree/tutorial/
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Xay dwng cay

quyét dinh

Day Weather Temperature Humidity

1 sunny Hot High
2 Cloudy Hot High
3 sunny Mild Normal
Cho mét bo div liéu, lam 4 | Cloudy Mild High
Sao ,dé xay dwng cay 5 Rainy Mild High
quyét dinh?
6 Rainy Cool Normal
7 Rainy Mild High
8 sunny Hot High
9 Cloudy Hot MNormal
10 Rainy Mild High

Thwc hién bé&i Treong Pai hoc Cong nghé Thong tin, PHQG-HCM
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Strong
Strong
Strong
Strong
Weak
Strong
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Strong

Play?
Mo
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Mo
0 [o]
Yes
Mo
Yes

Mo




Entropy & thong tin thu thap

Lam thé ndo chiing ta cé thé dinh lwvong dwoc thdng tin thu thap?

High information Low infn!'matinn
gain gain
=+t = -k #-7 -
— —_ = _ -
Y_pts _ 5 -3t +—* 4

https://www.hackerearth.com/practice/machine-
learning/machine-learning-algorithms/ml-decision-tree/tutorial/
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Entropy & thong tin thu thap

1.0 -+ - + - 1 B |
_ - + -- " 30 instances
» -+ ' I T |
ét 0.5
k=
53
0.0 05 1.0 7 } - - -
+ "+ Tt - -
P, b b - b
- 17 - - - - -
Entmpy(S} - _;ﬂ—ﬂﬂg?p‘ B p_fﬂyzp_ 17 instances 13 instances

InformationGain = Entropy(parentnode) - |AverageEntropy(children)

https://www.hackerearth.com/practice/machine-
learning/machine-learning-algorithms/ml-decision-tree/tutorial/

Y.
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Khi nao thi dieng phan tach?

Gidi han d0 sau S L Néu chia nut do
clia cay (khodng Tonq soAnut Iaﬂvuo*t khong lam giam
cach tir nat d6 qua mot nguong entropy qua nhiéu
dén nut goc dat : nhat dinh (thong tin thu dugc
t6i da) (min_samples_leaf) nhé hon mét

ngudng nhat dinh)

Nut c6 entropy

bang 0

Thwc hién bé&i Treong Pai hoc Cong nghé Thong tin, PHQG-HCM




Tranh Overfitting: Cat tia (Pruning)

a2 M6t phuwong phap khac c6 thé giap chiing ta tranh overfitting
1 Cét cac nit hodc nut phu khéng dang ké
2 Loai bd cac nhanh c6 tdm quan trong rat thap

Pre-pruning Post-pruning

Chung ta co thé ngirng xay Khi cay da dugc xay dwng
dwng cay sém hon, didu dé theo chiéu sau, chung ta c6
c6 nghia la ching ta cé thé thé bat dau cat tia cac nat

tia/loai bé/cat mot nut néu né dwa trén tam quan trong
c6 tAm quan trong thap trong cua chung.
qua trinh xay dwng cay.
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Cay quyét dinh: Vi du (Titanic)

Notebook example

mean_absolute_error(val_y, m.predict(val_xs)) [ g?rﬁ)(:s{]‘?i? }
va

samples = 668
lue = [415, 253]

0.2242152466367713

gini=0.5
samples = 109
value = [55, 54]

Cay quyét dinh don gian (max_leaf _node = 4)

Thwc hién bé&i Treong Pai hoc Cong nghé Thong tin, PHQG-HCM



https://www.kaggle.com/code/jhoward/how-random-forests-really-work

Cay quyét dinh: Vi du (Titanic)

Bigger Tree (min_samples_leaf = 50) Sex=0g
— get better result vaios (15, 253]

LogFare = 2.7
gini=10.5

samples = 109
value = [55, 5d]

gini = 0.49 gini = 0.48

samples = 59 samples = 50 ples =
value = [25, 34] value =[30. 20] value = [36, 24]

mean_absolute_error(val_y, m.predict(val_xs))

0.18385650224215247
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Uu diém & Nhuoc diém

Uu diém

Nhwoc diém

Kha nang giai thich: s&r dung tri'c quan Overfitting: d& dang overfit dir liéu néu khéng dwoc

“cat tia” dung cach hoac néu chung dwoc phép
phat trién qua sau (md hinh qua phtrc tap)

C6 kha nang x(r ly ca numerical va categorical features | Tinh khéng 6n dinh: c6 thé khéng 6n dinh vi

nhirng thay doi nho trong dir liéu co thé dan dén
mot cdy hoan toan khac — dwoc giam thiéu bang
cac phuwong phap ensemble, nhw Random Forests
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Uu diém & Nhuoc diém

Wu diém Nhwoc diém

Phi tham s6: khéng dwa ra gia dinh vé sw phan b6 ciia | Khé dé téi wu: Tim kiém cay quyét dinh téi wu cho

céac bién va méi quan hé gitra cac dac trwng va dau ra tap dir liéu rat ton kém vé mat tinh toan. Cac
phuong phap phéong doan nhuw thuat toan tham lam
khong dam bao sé tim dwoc cay téi wu.

Lwa chon dic trwng: thwe hién Iwa chon dac trung tiém an | Bias: Chung c6 xu hwéng bi anh hwéng béi cac
bang cach wu tién chon cac déc trwng nhiéu théng tin dé | dac trwng c6 nhiéu cap dd hon (trong trwdng hop

phéan tach. bién phan loai) hodc pham vi I&n hon (trong trudng
hop bién sb), vi chiing cung cap nhiéu tuy chon
hon dé phan tach dir liéu.
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QUIZ & QUESTIONS
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