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1 M5 hinh ciy trong ddi séng

So do ludng c6 thé duge dién gidi nhu mot cAy quyét dinh. Céc cAu hoi trong dé dai dién cho céc bién
doc lap (thudng goi 1a “diic trung” trong hoc may), trong khi cdc niit 14 cubi cting biéu dién nhitng két
qué c6 thé xdy ra. Hién tai, cic két qua dau ra chi 1a dang vin ban: “cd thé”, “haha chic may mdn”,
“cd 1€ khong”, “chdc chdn”.

M6 hinh dy doén viéc 1ip tAm pin mit troi ma ta dé xudt cé thé 13 bai toin phan loai nhi phén,
phan loai da 16p ho#c hoi quy, tuy theo cich ta cau tric cic gid tri dau ra.

Trong so dd, cic cau hoi déu cé cau tra 16i nhi phan: “cé” hodc “khong”. Trong cic nghién citu khac,
cac bién doc lap c6 thé 1a sb, va khi d6 cau tra 16i thudng duge thé hién bing bat ding thic. Vi du,
thuc té hon so véi cAu héi “C6 néng khi cham vao khong?” sé 14 mot bién doc 1ap do nhiét do, véi
ngudng dat tai “Nhiét d6 hoat dong > 30°C”.

TOI €S NEN PAT TAM PIN MAT TROI TREN D62

cd DI §HUY§I>I QUANH
DAY KHONG?

cO ¢ HOI PugC SAC
HOAC THAY PIN DINH
KY KHONG ?

GAN D6 b KHOANG
TRONG NAo DE BE
96T TPIM PIN HON KHONG?

KHI HOAT DONG
NG ¢d NONG KHI
CHAM VAO

HAHA CHUC CHAC
MAY MAN CHAN

Hinh 1: Bai toan ciy quyét dinh trong dsi song.
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1.1 Thuéit toin ciy quyét dinh
Mic du cay quyét dinh 1a mot mé hinh, ta vAn chua dé cap dén qud trinh hoc ciy cho mot tap dit liéu
cu thé. Hai thuit toan pho bién dé hoc tham s6 va dic trung trong cay la:

« CART (Classification and Regression Trees) t6i uu theo chi s6 Gini.

o ID3 (Iterative Dichotomiser 3) tdi wtu theo information gain.

Vé mit khai niém, cdc thuit todn huan luyén ciy quyét dinh hoat dong theo cich tham lam: chon
diic trung tot nhat dé phan tich dit liéu huin luyén, va lip lai qua trinh nay cho ting nhanh. Trong
ID3, ta xéc dinh dic trung t6i wu bang information gain, tiic sy chénh léch entropy trude va sau khi
phén tach. Ngudn: https://geohackweek.github.io/machine-learning/01-tree-based/

Nhugc diém ctia ciy quyét dinh

« D& bi qua khép (overfitting): néu cdy phat trién qui sau, moé hinh sé hoc cd nhiéu thay vi
quy luat chung.

« Khong 6n dinh: chi can thay ddi nhé trong dit liéu huén luyén ciing cé thé dan t6i mot ciu tric
cay hoan toan khac.

o Khé khai quat héa: hiéu qui du dodn trén dit liéu méi thudng khong cao bang cdc moé hinh
phtic tap hon.

« Thién léch dbi v8i dic trung c6 nhiéu gia tri: cic dic trung dang phén loai véi nhiéu mirc
gié tri ¢6 thé chiém wu thé trong qua trinh téch.

1.2 Sy phat trién cic mé hinh khic

Do nhitng han ché trén, cic nha nghién citu da phat trién cdc phuong phap nang cao nhu Bagging,
Random Forest, va Boosting. Nhitng mo hinh nay két hop nhiéu cdy quyét dinh lai v6i nhau, gitp
gidm thiéu overfitting, tdng d6 on dinh, va cai thién dang ké hiéu ning du doan. Pay chinh 14 bude tién
quan trong trong su phét trién ctia hoc may dua trén cay.

Bootstrap aggregating or Models are built sequentiall Optimized Gradient Boostin
Baggingis a ensembﬁe_ by minimizing the EC'I'FOFS fmf)f" gigorithm through parallel »
meta-algorithm combining previous models while processing, tree-pruning,
predictions from multiple- increasing (or boosting) handling missing values and
decision trees through a influence of%wi h-performing regularization to avoid
majority voting mechanism maodels overfitting/bias

N\

Decision
Trees {osy
; Bagging-based algorithm Gradient Boostin
L whersonly a st of employs graden
os'gible solutions to features are selected at descent algorithm to
pa decision based on random to build a forest minimize errors in
cartain'condiBons or collection of decision sequential models
trees

Hinh 2: Su phét trién ctia thuat todn ciy quyét dinh


https://geohackweek.github.io/machine-learning/01-tree-based/

Al VIETNAM aivietnam.edu.vn

1.2.1 Phuong phap Bagging - Random Forest

Mot tap hop 16n céc ciy thi dude goi la gi? Mot khu rimg!. Ring ngau nhién 1 mot tap hop rat
nhiéu cay quyét dinh. S6 lugng ciy trong mé hinh duge kiém soat bang siéu tham sb, thuong dao dong
tUr vai tram dén vai nghin.

Trong phan loai, két quéi duge xdc dinh bang mode ctia cidc dau ra tit tit ca cac cdy. Trong hoi quy,
ta thuong lay trung binh cic gié tri dau ra.

Uu diém
« Gidm hién tugng overfitting ma cdy don 1é d& méic phai.
e Cho dd chinh x4c duit dodn cao hon nhiéu.

e Manh mé hon, it bi &nh huéng bdi nhiéu nhé trong tap dir liéu.

Nhugc diém
o Huin luyén tén nhiéu tai nguyén tinh todn hon.
« Kho dién giai hon so véi cdy quyét dinh don 1é.
Su khéac biét gitta bagging va ring ngau nhién:
« Bagging: chon ngau nhién cdc mau huan luyén (c6 hoan lai), hudn luyén nhiéu ciy doc 1ap.
« Random Forest: ngoai viéc chon mau ngau nhién, con chon tap con dic trung ngau nhién tai

mobi nut tach.

1.2.2 Cac phuong phap Boosting

Ngoai ritng ngau nhién, cdc bién thé khic ctia mé hinh ciy da dudce phat trién dé cai thién do chinh
xac. Khic véi bagging (céc cay cé thé xdy dung song song), boosting xay dung ciy tudn ty: mdi cay
méi nhim stra 161 con lai tit ciy trude.

AdaBoost
« Tiang trong s6 cho nhitng quan sit bi phan loai sai.
o Ep céc ciy tiép theo tdp trung hon vao nhing diém khé.
Gradient Boosting
o Giam 15i bang cich md hinh héa residuals (sai s6 con lai).
o Gid st mo6 hinh hién tai 1a Fy,(z), ta xay thém mot ham h(z) dé du dodn residuals:

Fri1(z) = Fp(z) + h(z).

e Quad trinh nay tiép tuc cho dén khi dat s6 cAy m mong mudn.
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XGBoost — Chuan muyc vang

Mot trién khai ndi tiéng ctia gradient boosting 1a XGBoost, do Tianqgi Chen phat trién khi con 1a
nghién citu sinh tai DPai hoc Washington. Déng gép noi bat:

o Thut todn nhan biét thua thét (sparsity-aware).

o Ky thuat weighted quantile sketch dé chia nhanh xap xi.

e T6i uu truy cap bo nhé dém, song song héa, va nhiéu cai tién hiéu ning khac.

Nhé& vy, XGBoost cuc ky nhanh, manh, va da tré thanh “vii khi bi mat” trong nhiéu cudc thi
Kaggle ciing nhu ting dung thuec té.
Light GBM — Tang tbéc va hiéu qua

LightGBM (Light Gradient Boosting Machine) 1a m6t thuét todn boosting duge Microsoft phat trién
nam 2017, téi wu héa hi¢u suat va bd nhd so véi cac trien khai gradient boosting truyén théng.
Dic diém ndi bat:

o St dung thuét todn Leaf-wise growth (phét trién theo 14) thay vi Level-wise, gitip gidm 16i nhanh
hon.

o Hb tro Histogram-based splitting, giam dang ké chi phi tinh toan va bd nhd.

e Xit Iy t6t dit liéu 16n va phan tan nhd kha ning huan luyén song song, dong thdi hod trg GPU.
 Hiéu qud diic biét v6i tap dit lidu nhieu dic trung (high-dimensional) va quy mé hang triéu mau.
Nho nhiing cai tién nay, Light GBM trd thanh lua chon phd bién trong cic tmg dung thuc té, noi

vira can toc do huan luyén cao, vira ddm bao dd chinh xac du doan.

2 Ensemble Learning: Y tuéng chinh

Khai niém co ban

Y tudng chinh ctia ensemble learning 13 két hop nhiéu mé hinh khéc nhau dé cling gidi quyét mot nhiém
vu. Trong khi mé hinh don 1é chi diing mot thuat toan, bagging va boosting két hgp nhiéu mo hinh yéu
dé tao du doan 6n dinh hon.

Vi du: Phan loai anh

Gia st ta ¢c6 mot tap anh gdn nhan (chd, meo, ..). Néu hudn luyén logistic regression, cAy quyét dinh
va SVM, két qui trén mot mau cé thé khac nhau: Logistic regression va ciy quyét dinh du doén 1 cho,
nhung SVM lai du doan 1a meo.
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Logistic Regression -@- s
Accuracy ~51% =h .

S
=
=
Decision Tree Y-
Accuracy ~72% =" l:ﬂ_.l_f,l
SVM -7 )-
Accuracy ~68% =

Dog

Hinh 3: Vi du trong phéan loai hinh anh

Ensemble learning giai quyét bang cach két hop tat ca cdc mo hinh, thay vi chon duy nhit mét mé
hinh c¢6 d6 chinh x4c cao nhat. Qué trinh nay goi la aggregation hoic voting.

Bias—Variance Trade-off

Mbi quan hé gitta bias va variance:
o Giam variance — tang bias.
e Gidm bias — tang variance.

Muc tiéu 1 can bang dé sai sé kiém thit (test error) duge t6i thiéu.
Ensemble learning gitip caAn bang hai cic doan nay. Trong dé:

« Bagging gidm variance dé tranh overfitting.

« Boosting gidm bias dé tranh underfitting.
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Bias, variance
and test error

underfitting
(high bias)

overfitting

Optimal balance : .
v (high variance)

Hinh 4: Bias variance trade-off

2.1 Bagging (Bootstrap Aggregation)

bias
variance
test error

Model complexity

Bagging tao ra nhiéu tdp con bang cich ldy mau ngiu nhién c6 hoan lai tit tAp huin luyén. Mbi tap
con huan luyén mét mo hinh riéng biét. Két qua cudi ciing 1 trung binh (hdi quy) hodc bé phiéu da sb

(phén loai).

Dic didm

« Céc md hinh duge huin luyén song song.

e Giam variance, tranh overfitting.

e Tuong tu vi du phan loai ch6—meo & trén.
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| Subset1 ———»{ M1

¥

-‘—‘.. Subset 2 }—’ M2 »| Final Prediction

Training Data

|| Subset3 —— M3

Hinh 5: Bagging

Random Forest

Mot mé rong ndi tiéng ciia bagging 14 Random Forest. Khac véi bagging, random forest khong chi
chon mau dit liéu ngau nhién ma con chon ngau nhién tap con dic trung & moéi bude phan tach.

Vi du code ngudn Bagging

from sklearn.ensemble import BaggingClassifier
from sklearn.linear_model import LogisticRegression

# base estimator
est = LogisticRegression()

# n_estimators = sb lugng md hinh trong ensemble
# max_samples = s6 m3u 14y ra dé huin luyén mdi mé hinh
bag_model = BaggingClassifier(base_estimator=est, n_estimators=10, max_samples=1.0)

bag_model = bag model.fit(X_train, y_train)
Prediction = bag_model.predict (X_test)

2.2 Boosting
Boosting 14 mot bién thé clia bagging nhung xdy dung tudn ty. Trong khi bagging gidm variance,
boosting tap trung vao viéc giam bias.
Nguyén ly
1. Huan luyén mo hinh yéu ban dau.
2. X4c dinh cdc mau bi phan loai sai.
3. Tang trong sd cho cdc mau nay va huan luyén mo hinh méi.

4. Két hop mo hinh méi v6i moé hinh trude doé.
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Qua trinh nay lip lai nhiéu lan cho dén khi dat hiéu ning mong mudn.

M1

¥

M2 »  Final Prediction

Weighted
Training Data

M3

Hinh 6: Boosting

Pic diém
o M3i mé hinh sau tdp trung nhiéu hon vao diém dit liéu kho.
o K&t hop bang cach gan trong s6 khac nhau cho cdc mé hinh.

o C6 thé giam underfitting, nhung ciing dé dan dén overfitting.

Vi du code ngudn Boosting (AdaBoost)
from sklearn.ensemble import AdaBoostClassifier

from sklearn.tree import DecisionTreeClassifier

# base estimator
est = DecisionTreeClassifier(max_depth=1)

# n_estimators = sb vdong lip
# learning rate = tbc dd hoc
boost_model = AdaBoostClassifier(base_estimator=est, n_estimators=10, learning rate=1.0)

boost_model = boost_model.fit(X_train, y_train)
Prediction = boost_model.predict(X_test)

2.3 Stacking

Stacking la mdt phuong phap ensemble nang cao, khac véi bagging va boosting & cach két hop cidc mo
hinh. Thay vi chi trung binh hay b phiéu, stacking sit dung mét mé hinh meta-learner dé hoc cich
két hop t6i wu tit cdc md hinh con.

10
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Nguyén ly

1. Hudn luyén nhiéu mé hinh co s§ (base models) khac nhau nhu Logistic Regression, Decision Tree,
SVM, Random Forest, v.v.

2. Thu thap du dodn tit cAc mo hinh nay trén tap validation dé tao thanh mot tap dit liéu mdi.

3. Huén luyén mot mo hinh thit cap (meta-model) trén tap dit liéu nay dé hoc cdch gan trong s6/uu
tién gitta cac mo hinh con.

Y

M1

M2 » Meta-model ——— | Final Prediction

Y

- Training Data |

M3

Y

Hinh 7: Stacking

Pic diém
o Tén dung diém manh ctia nhiéu loai mé hinh khéc nhau, thay vi chi 1ip lai cling mot thuét toan
(nhu bagging/boosting).
« Meta-learner c6 thé 1a bat ky mo hinh nao (thudng la Logistic Regression hoiic XGBoost).

o Thuong cho hiéu qua cao trong cac bai toan phiic tap (vi du: cdc cudc thi Kaggle).

Vi du minh hoa

from sklearn.ensemble import StackingClassifier
from sklearn.linear_model import LogisticRegression
from sklearn.tree import DecisionTreeClassifier
from sklearn.svm import SVC

# Cac md hinh co sé

base_estimators = [
('dt', DecisionTreeClassifier (max_depth=3)),
('svm', SVC(probability=True))

# M6 hinh meta
meta_model = LogisticRegression()

stack_model = StackingClassifier(
estimators=base_estimators,

11
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final_estimator=meta_model

)

stack_model.fit(X_train, y_train)
Prediction = stack_model.predict(X_test)

2.4 So sianh Bagging, Boosting va Stacking
« Bagging: nhiéu m6 hinh cling loai, huan luyén song song, gidm variance.
« Boosting: nhi¢u mo6 hinh yéu, huan luyén tuan tu, gidm bias.

o Stacking: nhiéu mé hinh khac loai, két hgp bang meta-model dé t6i uu hoa.

3 Chi tiét thuit toin cay

Dé& minh hoa, ta sit dung mot tap dit licu nhé nhi phan (8 mau):

ID | A = Hat thudéce | B = Ho khan | Nhan y (Bénh=1)
1 1 1 1
2 1 0 1
3 1 1 0
4 1 0 1
5 0 1 1
6 0 1 0
7 0 0 0
8 0 0 0

Tong cong: 4 duong, 4 am.

3.1 Decision Tree
3.1.1 Nguyén ly lya chon split

V6i bai toan phéan loai nhi phan, hai tiéu chuén phd bién:

Entropy & Information Gain (ID3/C4.5).

. Sy
H(S)=—= Y pclogype,  Gain(S,X)=H(S)- > ||S|| H(S,).
ce{0,1} vEvalues(X)

Gini (CART).
Gini($) =1- > p2.

ce{0,1}

3.1.2 Nguyén ly hoat dong
(1) Tinh tay: Entropy gbc
p1=po=0.5=

H(S) = —0.5logy 0.5 — 0.510g, 0.5 = —0.5(—1) — 0.5(—1) = 1 bit.

12
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(2) Tinh tay: So séanh hai split & gbc
Split theo A. Hai nhanh déu cé 4 mau:

W=

,Po =

[N

e A=1: (3 duong,1 am) = p; =
H(Sa-1) = —21logy 2 — 11og, 3 = —0.75(—0.415037) — 0.25(—2) ~ 0.311278 + 0.5 = 0.811278.
o A=0:ddi xtng (1,3) = H(Sa—) = 0.811278.
Entropy sau tdch (trong s6 = 4/8 = 0.5 mdi nhénh):

Hafter(A) = 0.5 x 0.811278 + 0.5 x 0.811278 = 0.811278.

] Gain(S, A) = 1 — 0.811278 = 0.188722. \

Split theo B. Mbi nhdnh c¢6 2 duong va 2 &m = H = 1.

Hafter<B) =1, ‘Galn(S,B) =1—1= 0‘

Két luan: Chon A lam thuoc tinh & nit gbc.

(3) Tinh tay: Split cAp 2 bén trong titng nhanh ciia A
Xét splitting tiép theo theo B.

Tai nhanh A = 1. Tép con: {(1,1,1),(1,0,1),(1,1,0), (1,0,1)} v6i Hyge = 0.811278.
e B=0:{(1,0,1),(1,0,1)} = (2,0) = H = 0.
e B=1:{(1,1,1),(1,1,0)} = (1,1) = H = 1.

Trong node A = 1, trong s6 mdi nhanh bang 2/4 = 0.5:

Hgn =05x0+05x1=0.5, ‘GainAzl(B) = 0.811278 — 0.5 = 0.311278.

Tai nhanh A =0. Tép con: {(0,1,1),(0,1,0),(0,0,0), (0,0,0)} v8i Hyge = 0.811278.
« B=0:{(0,0,0),(0,0,0)} = (0,2) = H = 0.
e B=1:{(0,1,1),(0,1,0)} = (1,1) = H = 1.

‘GainAZO(B) = 0.811278 — 0.5 = 0.311278.

(4) Tinh tay theo tiéu chuan Gini
Tai gbc: p1 = po = 0.5 = Gini(S) =1 — (0.5% + 0.5%) = 0.5.

Gini_ after(A) = 0.5 x 0.375 4+ 0.5 x 0.375 = 0.375 = ‘ Gini Gain(A) = 0.5 — 0.375 = 0.125.

Vé6i B: hai nhanh can bang (2,2) = Gini = 0.5 = gain = 0.

13
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3.1.3 DAbi chiéu bing code Python

code dudi day tinh lai entropies/gains “bang tay”, huin luyén DecisionTreeClassifier véi ci entropy
va gini (gi6i han max_depth = 1 dé so sanh split & gbc), va in cdy két qua.

import math, pandas as pd
from sklearn.tree import DecisionTreeClassifier, export_text

# Dataset

df = pd.DataFrame([
(1,1,1),(,0,1),(1,1,0),(1,0,1),
0,1,1),(0,1,0),(0,0,0),(0,0,0)],
Columns=[llAll s "Bll s lly"] )

def entropy(counts):
total = sum(counts);
return 0.0 if total==0 else \
sum([-(c/total)*math.log(c/total,2) for c in counts if c¢>0])

def gini(counts):
total = sum(counts);
return 0.0 if total==0 else \
1.0 - sum([(c/total)**2 for c in counts])

# Root

pos, neg = int((df.y==1).sum()), int((df.y==0).sum())
H_root = entropy([pos,negl) #-> 1.0

G_root = gini([pos,negl) # > 0.5

def gain_for(feature, impurity):

# impurity: pass entropy or gini function

after = 0.0

for v, sub in df.groupby(feature):
p = int((sub.y==1).sum()); n = int((sub.y==0).sum())
after += (len(sub)/len(df)) * impurity([p,n])

before = impurity([pos,neg])

return before - after, after

gain_A_ent, after_A_ent = gain_for("A", entropy) # -> 0.1887218755, 0.8112781
gain_B_ent, after_B_ent = gain_for("B", entropy) # -> 0.0, 1.0

gain_A_gini, after_A_gini = gain_for("A", gini) # -> 0.125, 0.375
gain_B_gini, after_B_gini = gain_for("B", gini) # -> 0.0, 0.5

# Train depth-1 trees to confirm split at root

X = df[["A","B"]] .values; y = df["y"].values

clf_ent = DecisionTreeClassifier(criterion="entropy", max_depth=1, random_state=0).fit(X,y)
clf_gin = DecisionTreeClassifier(criterion="gini", max_depth=1, random_state=0).fit(X,y)

print (export_text(clf_ent, feature_names=["A","B"]))

14
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print (export_text(clf_gin, feature_names=["A","B"]))
# (gidng hét: split theo A)

Tinh toan theo entropy

|--- A <= ©.50

| |--- class: ©

|--- A > o.50

| |--- class: 1

Decision Tree (criterion="entropy’, max_depth=2) Decision Tree (criterion="gini’, max_depth=2)

Tinh toan theo gini

|--- A <= @.58

| |--- class: @

|--- A > o.58

| |--- class: 1

(a) Két qua tit Python code (b) Cay v6i Entropy (c) Cay voi Gini

Hinh 8: So sanh céc két qua Decision Tree: code chay, Entropy va Gini

Két luan doi chieu.

« Entropy gbc = 1.0000; sau tach theo A = 0.811278 = Gain = 0.188722 (khép code).

o Gini géc = 0.5; sau tach theo A = 0.375 = Gini-Gain = 0.125 (khép code).

o Cay do sdu 1 tir scikit-learn déu chon A § gbc; chinh xdc huin luyén

(A=1,y=0) va (A=0,y=1)).

3.1.4 Ggi ¥y cit tia (pruning)

= 75% (sai 2 mau:

Dé tranh overfitting: pre-pruning (giéi han max_depth, min_samples_leaf, min_impurity_decrease)

hoac post-pruning dang chi phi—dd phtic tap:
mjin Lossyal(T') + o [T,
v6i |T| 14 86 14, o > 0 diéu chinh mitc phat do phitc tap.

Vi du cit tia cAy (Cost—Complexity Pruning)

Dinh nghia. Véi mét cAy T' (chi quan tam céc ld), dat

R(T)= Y pt)I(t), va Ru(T)=R(T)+a|L(T)
teL(T)

trong do6 p(t) = % 1a ti 18 mau di vao 14 ¢, I(t) 1a do mat mat tai 14 (& day ding entropy), |£(T)| 1a

s6 14, va a > 0 1a hé s6 phat do phiic tap.

15
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Ba iing vién cdy can so sanh. V&i tap dit liéu 8 mau, ciy “day di” Tr téch gbe theo A, sau d6
moi nhanh lai tach theo B (4 14). Hai cAy don gidn hon:

o (i) Tispiit: chi tdch & gbc theo A (2 14);

o (ii) Troot: khong tach gi (1 14).

Tinh entropy ting 14 va R(T). Cay day di Ty, c6 bon 14, mbi 14 chita 2 mau (p(t) = 2/8 = 0.25):
« A=1,B=0: (2,0) = I = 0
e A=1,B=1: (1,1) = [ =1,
o A=0,B=0: (0,2) = I = 0;
e A=0,B=1: (1,1) = I = 1.

Suy ra
R(Tra) = Y p(t)I(1) =025 (0+14+0+1)=[05], |£[=4

¢

Cay mét lan tdch Ty sprir (tdch theo A): mdi 14 c6 4 mau (p = 0.5) va phan bé (3,1) hodc (1,3) nén

I=-3log,3 —1log, 1 =[0.811278].

Do dé

R(Tispnie) = 0.5-0.811278 + 0.5 - 0.811278 =[0.811278],  |£| = 2.

Cay goc Troot: chi mot 14 chita toan bo 8 mau, ti 1¢ (4,4) nén
R(Tro0t) = H(%, %) = v L] =1.

Diém cit tia yéu nhit (weakest link). Theo ly thuyét cost-complexity, mot nit (hodc mot tiéu
ciy) nén bi cit khi a vugt qua
* R(Tsub) - R(T)

1L£(T)| — |£(Tsun)|

(%

Véi ba mitc ciy & trén, ta c6 hai ngudng:

1. So sanh Ty (4 14) v6i Tgpiie (2 14):

0.811278 — 0.5

Nghia la khi o > aq, chi phi R, ctia cay 4 14 vugt T gpli, nén cit veé cay 2 14.

2. So sénh Ty (2 14) V61 Thoor (1 14):

1.0 — 0.8112

Khi o > g, tiép tuc cit vé cay gbe (1 14).

16
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Két luan theo a.
Tran, 0 < a < 0.155639,

T*(@) = { Tigpit, 0.155639 < a < 0.188722,
Troot, > 0.188722.

Céc ngudng a1 va as triing khép véi dudng cat tia trd vé bdi sklearn (ccp_alphas =~ 0.155639 va
0.188722), x4c thyc phép tinh tay.

Cost-Complexity Pruning: CV Accuracy vs ccp_alpha
1.0f

CV accuracy (4-fold)
© © o©
i o o)

o
(N
T

o
o

0.000 0.025 0.050 0.075 0.100 0.125 0.150 0.175
ccp_alpha

Hinh 9: Két qua cit tia ciy tra vé bdi sklearn

3.2 Random Forest

Random Forest (Breiman, 2001) 1a mot phuong phap ensemble dua trén y tuéng Bagging (Bootstrap
Aggregating), nhung bd sung thém su ngau nhién khi lyta chon tap thudc tinh tai méi nit.

« Bagging: v6i tap dit liéu gbc D gdm n mau, sinh ra B tap con Dy, (bootstrap) bang cich liy ngau
nhién c6 hoan lai n mau. V6i mdi Dy, huan luyén mot cay T,.

« Random subspace: khi xay dung T}, tai mo6i nit chi xem xét m thuoc tinh (v6i m < d, d 1a
tong s6 thudc tinh) dé tim split t6t nhat.

Du doédn cuoi cung;:

g(x) = majority{ Tp(z) : b=1,...,B} (phén loai),

B

() = ;bz Ty(z) (hdi quy).

Y nghia:
e Bagging = giam phuong sai.

« Random subspace = gidm tuong quan giita cic cAy = tiang hiéu qua khi 14y phiéu/trung binh.

17
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Random Forest 1a baseline manh:
« Han ché overfitting, déic biét khi B 16n.
o Lam viéc tot v6i dit lidu pha tron (bién s6, bién rdi rac).

o (6 ubc lugng quan trong thudc tinh (feature importance) thong qua gidm Gini/Entropy hoac hoan
vi ngau nhién (Permutation Importance).

Diém yéu: kich thuéc mo hinh 1én, thoi gian du dodn chadm hon cay don, it tric quan dé dién giai

ting quyét dinh c4 nhan.

3.2.1 OOB Error
Mot mau x; c6 xac suat khong xuat hién trong mot bootstrap bat ky 1a
(1-1)" == e71 ~ 0.368.

Do d6 trung binh 36.8% mau khong dudc chon trong mot bootstrap cu thé. Cac mau nay dude goi 1a
out-of-bag (OOB) dbi véi cAy Ty,.

Du doan nhan z; bang da sé phiéu chi tit nhitng cay ma z; 1a OOB. Sai s6 OOB thu dugc 1 mot
ubce luong khong thién léch clia sai s6 tong quat, thudng thay thé duge cho cross-validation.
3.2.2 Nguyén ly hoat dong
Pé thiy ro6 cdch Random Forest hoat dong, ta sé mé phéng bang tay v6i B = 3 cay quyét dinh, huin

luyén trén tdp 8 mau & phan Decision Tree.

Buéc 1: Sinh bootstrap. Madi bootstrap chon ngau nhién n = 8 mau c¢é hoan lai tit tap goc. Vi du:
o Bootstrap D;: {1,2,3,4,5,6,6,7}
o Bootstrap Ds: {1,1,2,3,5,5,8,8}
o Bootstrap Ds: {2,3,4,4,6,7,7,8}

Nhu vAy, mdi t4p c6 mau bi lap lai va ciing c¢6 mau khong xuat hién (OOB).

Budc 2: Huin luyén cay trén tirng bootstrap. Ta giéi han d6 sdu = 1 dé dé tinh toan.

o V6i Dy: tilé (A =1) troi hon = split theo A. Gain theo Entropy = 0.189, nhu da tinh. Cay T;:
gbc A.

e V6i Dy: do chon tring nhiéu mau c¢6 B = 1, phan bd gan can bang = split theo B ciing c¢6 thé
xuat hién. Gain theo Entropy 6 B trong bootstrap nay nhé, nhung néu chi xét mot thuoc tinh
(m = 1), Ty budc chon B.

« V6i Ds3: phan 16n mau c6 A = 0, nén split theo A vAn cho gain cao hon. Cay T3: gbc A.

Két qua: Ty va T3 chon A, T5 chon B.

18
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Budc 3: Bé phiéu da sb. Khi du doan mdt mau méi, Random Forest iy dur dodn ciia ca ba ciy roi
bé phiéu:

9(x) = majority{T}(z), To(z), T3(x)}.
Vi du:

e Mau (A=1,B=0):

— Ti: dy dodn bénh (dua vao nhanh A = 1 nhiéu duong).
— T5: split theo B, B = 0 = du doan bénh.
— T3: dy doan bénh (gidng T1).

= Da s6 phiéu: Bénh.
e Mau (A=0,B=0):

— T7: du dodn khéng bénh.
— T5: split theo B, B =0 = du doan khong bénh.
— T3: du dodn khéng bénh.

= Da s6 phiéu: Khong bénh.

Buéc 4: Sai s6 OOB (Out-of-Bag). Xét mau s6 8: (A =0,B =0,y = 0). Trong ba bootstrap:
e D khong chita mau 8 = OOB cho T7.
e Dy chita mau 8 hai lan = khéng OOB cho T.
e D3 chita mau 8 = khong OOB cho T3.

Vay du doan OOB cho mau 8 chi dén tit Ty: dut dodn diing y = 0. Lap lai cho toan bo 8 mau, ta c6 thé
tinh sai s6 OOB = s6 mau OOB bi du doan sai / tong s6 du doan OOB. Trén tdp nhoé nay, két qua
OOB khép véi sai s6 huan luyén =~ 25%.

3.2.3 Dbi chidu bing code Python

# Random Forest: sklearn 00B vs manual 00B
rf = RandomForestClassifier(
n_estimators=200,
criterion="entropy",
max_depth=2,
max_features=1, # encourage diversity
bootstrap=True,
oob_score=True,
random_state=42
)
rf.fit(X, y)

sklearn_train_acc = accuracy_score(y, rf.predict(X))
sklearn_oob_score rf.oob_score_
sklearn_feature_importances = rf.feature_importances_
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sklearn_cm = confusion_matrix(y, rf.predict(X))

# Manual bagging

rng = np.random.RandomState (42)

B = 200

trees = []

oob_sets = []

for b in range(B):
idx = rng.randint(0, len(df), size=len(df)) # bootstrap indices
oob = np.setdiffld(np.arange(len(df)), np.unique(idx))
oob_sets.append (oob)
clf = DecisionTreeClassifier(criterion="entropy", max_depth=2, random_state=1000+b)
clf.fit(X[idx], yl[idx])
trees.append(clf)

def majority_vote(preds):

c = Counter (preds)

if len(c)==0:
return None

most_common = c.most_common ()

# tie-break: choose 0 for determinism

if len(most_common) >= 2 and most_common[0] [1] == most_common[1][1]:
return O

return most_common [0] [0]

# manual train accuracy

manual_preds = []

for i in range(len(df)):
votes = [tree.predict(X[i].reshape(1,-1))[0] for tree in trees]
manual_preds.append(majority_vote(votes))

manual_train_acc = accuracy_score(y, manual_preds)
manual_cm = confusion_matrix(y, manual_preds)

# manual 00B accuracy
oob_preds = [None]*len(df)
oob_count = np.zeros(len(df), dtype=int)

for b, tree in enumerate(trees):

oob = oob_sets[b]

preds = tree.predict(X[oob])

for j, idx in enumerate(oob):
if oob_preds[idx] is None:

oob_preds[idx] = []

oob_preds[idx] .append(preds[j])
oob_count[idx] += 1

oob_final = []
oob_true = []
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for i in range(len(df)):
if oob_count[i] > O:
oob_final.append(majority_vote(oob_preds[i]))
oob_true.append(y[i])

manual_oob_acc = accuracy_score(oob_true, oob_final)

comparison = pd.DataFrame ({
"Metric": [
"Train Accuracy",
"00B Accuracy",
"Feature Importance: A",
"Feature Importance: B"
1,
"sklearn RF": [
f"{sklearn_train_acc:.3f}",
f"{sklearn oob_score:.3f}",
f"{sklearn_feature_importances[0]:.3f}",
f"{sklearn_feature_importances[1]:.3f}",
1,
"Manual_Bagging": [
f"{manual train_acc:.3f}",
f"{manual_oob_acc:.3f}",

n_n n_n
b

D

=== Random Forest (sklearn) ===
Train acc = ©.75@, OOB acc = ©.500
Feature importances (A,B) = [©.64783428 ©.35216572]
Confusion matrix (train):
[[3 1]
[1 3]]
=== Random Forest (manual bagging) ===
Train acc = 8.758, OOB acc = 8.500
Confusion matrix (train):

[[4 e]
[2 2]]

Hinh 10: So sanh gitta xdy Random Forest bang sklearn va tinh tay

3.3 AdaBoost
3.3.1 Nguyén ly

AdaBoost (Freund & Schapire, 1997) 14 thuit todn boosting pho bién, két hgp nhiéu mo hinh yéu (weak
learners) nhu decision stump (cdy 1 nit). Y tudng: mbi vong 13p ¢, ta huin luyén mét stump hy trén
phan phdi trong sb w®) ciia dit lidu; stump t6t sé ¢6 161 ¢ < 0.5. Sau d6 ta gan cho né mot hé sb ax t
16 thuén v6i do chinh xéc va cdp nhét lai trong s6 mau: mau sai bi phat ning hon, dé vong sau dugc
cht y hon.
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« AdaBoost phu hgp khi dit liéu it nhiéu va c6 nhiéu mau dé phan loai, vi né tap trung vao cdc mau
kho.

o MBbi weak learner rat don gidn (thudng la stump), nhung két hgp nhiéu vong cho do chinh x4c
cao.

« Han ché: nhay cam véi ngoai 1é va nhiéu, vi cdc diém “bat thudng” sé bi day trong sb rat 16n.

Céng thiic tong quat:

- 1—c¢
€t = Zw’ft) [yz ?é ht(xz>]7 Q = %h’l - t,
i=1
wEtH) o wgt) exp ( — oztyiht(xi)).

Cubi cung, du dodn ctia md hinh 1 dau ctia téng 6 trong sb:
T

H(z) = sign (Z atht(x)> .
t=1

3.3.2 Chitng minh c6ng thitc oy

AdaBoost t6i thiéu hoa exponential loss:

n T
L= Zexp(—yiF(aci)), F(z)= Zatht(aﬁ).
i=1 t=1
Xét vong t, gid stt ta da c6 Fy_1(x), thém stump hy véi trong sb ay:

L® — ngt) exp (— azyihs(xi)),
i=1

v6i wgt) = exp(—yiFi—1(x;)).
Téch thanh hai nhém:

LY =exp(—ar) Y wl” + exp(+ay) > wf?.

iy =ht(x;) iy Fhe (a;)
bat
Wy = Z wgt) =1—¢, W_= Z wgt) = ¢,
iy =he(z;) iy #he (24)

(sau khi chuan ho4 wgt) thanh phan phdi).
Ta can chon oy dé tbi thiéu hoa:

LW (ay) = Wy exp(—ay) + W exp(av).
Lay dao ham:

dL
— = —Wyexp(—a;) + W_exp(az) = 0.
dOét
Giéi ra:
Wy
W_exp(ay) = Wyexp(—ay) = exp(2oy) = W
Vay:
1—e¢
1 t
oy = 5 In Py
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3.3.3 Nguyén ly hoat dong

Xét tap dit liéu gom 8 mau véi hai thude tinh A, B va nhan y € {—1,+1} (suy ra tit {0,1} sang
{—1,+1}). Ban dau moi trong s6 déu bang nhau:

1
wt) = g = 0125, Vi

Vong 1: huén luyén stump h;. Chon stump

+1 néu A=1,

h =sign(A — 0.5) = j
1(w) = sign( ) {—1 néu A= 0.
e Saitai 2 mau: #3 (A=1,y=—-1) va #5 (A =0,y = +1).

o Ldi c6 trong sb:
€1 =2 x0.125 = 0.25.

e Trong so clia stump:

1—¢ 0.75
_1 _ 1 _ 1 N
a; = 51n o 51n 09 — 2 In 3 =~ 0.5493.
Cap nhat trong sé:
wZ@) x wgl) exp(—aqyihi(z;)).

Néu du doan dung: wZ@) ~ 0.125- e~ = 0.0721. Néu du doén sai: wl@) ~ 0.125 - et = (.2165.
Sau chuan hod: Hai mau sai c6 trong s6 ~ 0.25. SAu mau ding c6 trong sd ~ 0.0833.

Bang 1: Két qua sau vong 1 ciia AdaBoost

ID (AB) y hi(z) wl@) (chuan hod)

1 (1,1) +1 41 0.0833
2 (1,0) +1  +1 0.0833
3 (L) -1 +1 0.2500
4 (1,0) 41 +1 0.0833
5 (01) +1 -1 0.2500
6 (01) -1 -1 0.0833
7 (00 -1 -1 0.0833
8 (00 -1 -1 0.0833

Vong 2: th® stump hy. Gia st chon
ho(z) = sign(B — 0.5).
« Kiém tra trén cdc mau cé trong s6 16n (ID #3, #5):
— Mau #3: (B=1,y = —1), stump dy dodn +1 = sai.
— Mau #5: (B =1,y = +1), stump du dodn +1 = dung.
o Tong thé: stump nay du doan sai ding mot nita khéi luong trong sb, tiic

1-0.
€s = 0.5, 042:%111 035

=0.

Do ap = 0, stump nay khong déng gép thém. Trong thuc té, AdaBoost sé duyét qua nhiéu
stump/thudc tinh/ngudng dé chon ciy tét nhat. Néu tat cd déu cho € = 0.5, qud trinh ditng.
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3.3.4 DAbi chiéu bing code Python

import numpy as np

import pandas as pd

from math import log, sqrt, exp

from sklearn.ensemble import AdaBoostClassifier
from sklearn.tree import DecisionTreeClassifier

# - Data ----------

X = np.array([
(t,11,1,01,[1,1],[1,0],
0,11, 0,11, [0,0], [0,0]

D

y01 = np.array([1,1,0,1,1,0,0,0]1) # {0,1}

y = np.where(yOl==1, +1, -1) # {-1,+1}

n = len(y)

# - Round 1: hand calculation for stump on A --————--—-
wl = np.ones(n)/n

hl = np.where(X[:,0]==1, +1, -1) # stump on A

err_mask = (hl I=y)

epsl = float(np.sum(wl*err_mask)) # 0.25

alphal = 0.5%log((1-epsl)/epsl) # 0.5%1n(3)

¢ = exp(-alphal) # e"{-alphal} = 1/sqrt(3)
d = exp(+alphal) # e~{+alphal} = sqrt(3)

w2_unnorm = wl * np.exp(-alphal * y * hl)
Z1 = float(np.sum(w2_unnorm))
w2 = w2_unnorm / Z1

hand_roundl = pd.DataFrame ({
"ID": np.arange(l,n+1),
"A": X[:,0], "B": X[:,1], "y(z1)": y,
"h1(A)": hil,
"error?": err_mask.astype(int),
"wi": np.full(n, 1/mn),
"w2_unnorm": np.round(w2_unnorm, 6),
"w2_norm": np.round(w2, 6),

1))

summary = pd.DataFrame ([

{"round": 1, "learner": "sign(A-0.5)", "epsilon": epsl, "alpha":

D

# ——m———- Round 2: stump on B to check epsilon --------—-
h2 = np.where(X[:,1]==1, +1, -1) # stump on B

err2 = (h2 !=y)

eps2 = float(np.sum(w2*err2)) # should be 0.5
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alpha2 = 0.5%log((1-eps2)/eps2) if eps2 not in (0,1) else 0.0
summary.loc[len(summary)] = {"round": 2, "learner": "sign(B-0.5)",
"epsilon": eps2, "alpha": alpha2, "Z": 1.0}

print("=== Hand calc: round 1 table ==="

print (hand_roundl.to_string(index=False))

print ("\n=== Hand calc: summary per round ===")
print (summary.to_string(index=False))

# ————— Compare with sklearn (use SAMME to match alpha formula) -----———--
clf = AdaBoostClassifier(
estimator=DecisionTreeClassifier (max_depth=1),
n_estimators=2, # try 2 to inspect first two learmers
algorithm="SAMME", # ensures alpha = 0.5%1n((1l-eps)/eps)
random_state=0
)
clf.fit(X, y01)

print ("\n=== sklearn AdaBoost (SAMME) ===")
print ("Estimator errors (eps):", clf.estimator_errors_)
print ("Estimator weights (alpha):", clf.estimator_weights_)
print("Stump 1 is on feature A? Inspect by predicting:", clf.estimators_[0].predict(X))
if len(clf.estimators_) > 1:
print("Stump 2 is on which feature? Predict:", clf.estimators_[1].predict(X))

=== Hand calc: round 1 table ===

ID A B y(*¥1) hi(A) error? wl w2_unnorm w2_norm
1 1 1 1 1 9 9.125 ©.072169 ©.983333
2 1 @ 1 1 9 0.125 ©.072169 ©.083333
3 1 1 -1 1 1 ©.125 ©.2165686 ©.250000
4 1 @ 1 1 9 0.125 ©.072169 ©.083333
5 e 1 1 -1 1 6.125 ©.216506 ©.250000
6 @ 1 -1 -1 9 9.125 ©.072169 ©.083333
7 © © -1 -1 9 0.125 ©.072169 ©.083333
8 0 © -1 -1 @ ©.125 ©.872169 ©.083333

=== Hand calc: summary per round ===

round learner epsilon alpha z

1 sign(A-8.5) ©.25 ©.549366 0©.866025
2 sign(B-@.5) ©.50 ©.000000 1.000000

=== sklearn AdaBoost (SAMME) ===

Estimator errors (eps): [€.25 1. ]

Estimator weights (alpha): [1.89861229 @. ]

Stump 1 is on feature A? Inspect by predicting: [1 111 e e 0 @]

Hinh 11: So sanh viéc dung sklearn va tinh tay v6i mé hinh Adaboost
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3.4 Gradient Boosting
3.4.1 Nguyén ly

Xét mo hinh cong tuan tu
T

Fr(z) = nyt(x),
t=1
trong d6 méi f; 14 mot cay hoi quy néng (thudng 1a stump/cay do sau nhé), va v € (0,1] 13 learning
rate.
Gradient Boosting thuc hién gradient descent trong khéng gian ham. 0 vong t, v6i m6 hinh
hién thoi Fy_q, ta t6i thiéu hod ham mat mat tong quat

L(F) =3 0y Fla).
=1

Pseudo-residuals (d&m dao ham theo F') dugc tinh boi

S0 _ Oy, F)

! oF

F=Fi_1(z;)

Sau do6, fit mot cay hoi quy f; xap xi TZ@ (theo MSE). V6i mdi 14 Ry cta f;, gidi bude di t6i uu mot
chiéu
Yj = argmin Z K(yi, Fiq(z) + 'y).
7 T €Ry;
Cap nhat:
Fi(x) = Fy—1(z) + VZ%]' 1{z € Ry}.
J

3.4.2 Truong hgp dac biét
Hbi quy MSE. Véi ((y,F) = 3(y — F)? ta c6 rgt) =y — F_1(z;) va

1
Vij = @ Z T‘Z(t) (trung binh residual).

:DieRtj

Phan loai nhi phan (logistic loss). Dung y; € {0,1} va log-loss:

1
Uy, F) = —ylogp — (1 —y)log(l —p), p=0(F) =%
Ta co iy 520
i = o = Di — Yis hi = 5 =pi(1 — pi).
Do d6 pseudo-residual la Tz(t) = —9i =Yi — Pi

26



Al VIETNAM aivietnam.edu.vn

3.4.3 Chitng minh cong thitc budc 14 v* = — &

\¢

0 mét 14 R, ta can

7= argmanf Yi, Fioi(ai) +7).
1€ER

Xap xi Taylor bac hai quanh F}_:
Uyi, Fr1 +7) = 0(yi, Fro1) + g7 + $hi 7™
Cong theo i € R, bo hiang sb, nghiém tbi wu ctia bai toan 1a nghiém Newton:

Ci(ZgwwLéth) =Y gi+vY hi=0

1€ER 1€ER i€ER

’Y* - _ ZiER Gi

ZieR hi
Véi log-loss, ¢; = pi — vi, hi = pi(1 — p;), nén ta cé cong thic déng trén ting ld. (Day cung chinh la
buée Newton mot chi¢u diing trong nhiéu bién thé nhu XGBoost khi A = 0.)

3.4.4 Nguyén ly hoat déng
Dit liéu 8 mau nhu céc phan trude, ding y € {0,1}. Khdi tao Fy(x) =0 = p(o) o(0) = 0.5.
Vong 1. Xét hai split tng vién A va B. Tinh céc tong trén ting phia ciia split (trai: gid tri thudc

tinh = 0, phai: = 1). O Fy, ta 6 gi = 0.5 —y;, h; = 0.25.
Split theo A:

A=1: 3duong, 1 4m =Y ¢ =3(05-1)+1(0.5-0)=—-1.0, > h;=4-0.25= 1.0,
A=0: 1duong, 34m =Y g =+1.0, > h;=10.

-1 +1

Cap nhat (ldy v = 1 dé minh hoa):

110, A=1 0.731, A=1
F _ 9 9 (1) _ F _ 9 )
(=) {—1.0, A=o0, 7 o(F1) {0.269, A=0.

Sai 2/8 mau (do chinh xic = 75%), tring véi cay quyét dinh theo A.

Vong 2. Tinh lai gZ( ) = pgl) — Yi, hl(l) = pl(-l)(l — p(-l)). V6i A=1: m6i mau c¢6 p = 0.731 nén

> gi=3(0.731—1) + 1(0.731 — 0) = —0.076, Y h; =4-(0.731-0.269) = 0.787.
V6i A=0: mo6i mau c¢6 p = 0.269 nén
> " gi =1(0.269 — 1) + 3(0.269 — 0) = +0.076, Y _ h; = 0.787.

Suy ra
—0.076 +0.076

orsy - 100966, R =—"rmes

L= — = —0.0966.
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Cap nhat:

41.0966, A=—1, 0.749, A=1,
Fy(z) = PP =o(F) =
—1.0966, A =0, 0.249, A =0.

Bién quyét dinh duge “day xa” hon (xéc suat tu tin hon); s6 16i khong d6i (2/8) v6i stump, nhung
log-loss gidm theo diing muc tiéu tdi wu.

« Learning rate v < 1 (shrinkage) + s6 vong 16n gitip tong quat hod tét hon.
o C6 thé dung subsample < 1 (Stochastic GB) dé gidm phuong sai.

o Do sdu cay nhé (1-3) gitp trdnh overfit va giit ¥ nghia “stta 16i dan dan”.

3.4.5 Dbi chidu bing code Python

import numpy as np

import pandas as pd

from sklearn.ensemble import GradientBoostingClassifier
from sklearn.metrics import accuracy_score

X = np.array([
(1,11,[1,01,[1,1],[1,0],
(o,11, 0,11, [0,0], [0,0]
, dtype=float)
np.array([1,1,0,1,1,0,0,0], dtype=float) # labels {0,1}
len(y)
X[:,0].astype(int)
X[:,1] .astype(int)

=B < Y
n

sigmoid = lambda z: 1/(1+np.exp(-z))

def region_mask(vals, thr=0.5):
return (vals <= thr), (vals > thr)

def sums_G_H(F, mask):
idx = np.where(mask) [0]

if idx.size == 0: return 0.0, 0.0
p = sigmoid(F)
G = float(np.sum(plidx] - y[idx]1))

H = float(np.sum(p[idx] * (1-pl[idx])))
return G, H

def gamma_from_GH(G,H):
return 0.0 if H==0 else -G/H

def gain_second_order(F, vals):
p = sigmoid(F)
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G_all = float(np.sum(p-y)); H_all = float(np.sum(p*x(1-p)))
L, R = region_mask(vals)

GL,HL = sums_G_H(F,L); GR,HR = sums_G_H(F,R)

part = lambda g,h: 0.0 if h==0 else (g*g)/h

gain = 0.5%( part(GL,HL)+part(GR,HR)-part(G_all,H_all) )
return gain, (GL,HL,GR,HR)

def take_step(F, vals, 1lr=1.0):

gainA, statsA = gain_second_order(F,A)
gainB, statsB = gain_second_order(F,B)
if gainA >= gainB:

feat, stats, use = "A", statsA, A
else:

feat, stats, use = "B", statsB, B
GL,HL,GR,HR = stats
gl = gamma_from_GH(GL,HL); gR = gamma_from_GH(GR,HR)
L,R = region_mask(use)
F_new = F.copy()
F_new[L] += lrx*gL; F_new[R] += lrxgR
return F_new, feat, gL, GL, HL, gR, GR, HR

FO = np.zeros(n); p0 = sigmoid(FO)
accO = accuracy_score(y, (p0>=0.5).astype(int))

F1, splitl, gL1l, GL1, HL1, gR1, GR1, HR1 = take_step(FO0,A)
pl = sigmoid(F1); accl = accuracy_score(y, (p1>=0.5) .astype(int))

F2, split2, gl2, GL2, HL2, gR2, GR2, HR2 = take_step(F1,A)
p2 = sigmoid(F2); acc2 = accuracy_score(y, (p2>=0.5) .astype(int))

stage_summary = pd.DataFrame ([
{"stage":0,"split":"-","acc":acc0},
{"stage":1,"split":splitl,"gamma_left":gLl,"G_left":GL1,"H_left":HL1,
"gamma_right":gR1,"G_right":GR1,"H_right":HR1,"acc":accl},
{"stage":2,"split":split2,"gamma_left":gL2,"G_left":GL2,"H_left":HL2,
"gamma_right":gR2,"G_right":GR2,"H_right":HR2,"acc":acc2},
D

per_sample = pd.DataFrame ({
"ID": np.arange(l,n+1),
"A":A,"B":B,"y":y.astype(int),
"FO" :np.round(F0,6) ,"p0" :np.round(p0,6),
"F1":np.round(F1,6),"pl":np.round(pi,6),
"F2":np.round(F2,6),"p2" :np.round(p2,6),
b
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print ("=== Hand-derived Gradient Boosting ==="
print (stage_summary.to_string(index=False))
print (per_sample.to_string(index=False))

# _____________________________

# sklearn comparison

# _____________________________

print ("=== sklearn - Gradient Boosting ===")

gb = GradientBoostingClassifier(
loss="log_loss", learning rate=1.0,
max_depth=1, n_estimators=2, random_state=0

)

gb.fit(X,y.astype(int))

from itertools import islice
stages = list(islice(gb.staged_decision_function(X),0,2))
def show_stage(name,Fraw):
Fraw = np.ravel(Fraw)
df = pd.DataFrame({"A":A,"F":Fraw,"p":sigmoid(Fraw)})
print (f"\n{name}")
print ("A=1 mean:", df[df.A==1]1[["F","p"]].mean() .to_dict())
print ("A=0 mean:", df[df.A==0][["F","p"]] .mean().to_dict())

show_stage("Stage-0 (init)", np.zeros_like(y))

show_stage("Stage-1", stages[0])
show_stage("Stage-2", stages[1])
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=== Hand-derived Gradient Boosting ===
stage split ac

) - 8.5
1 AB.7
2 AB.7
ID A B y Fe
1 1 1 180.0
2 1 8 16e.0
31 1 eo.0
4 1 @ 10.8
5 @ 1 160.9
6 @ 1 8o.0
7 @ 8 8e.0
8 @ 0 8e.0
k

Stage-9© (init)

A=1 mean:
A=0 mean:

Stage-1
A=1 mean:
A=0 mean:

Stage-2
A=1 mean:
A=0 mean:

{'F":
{'F":

[
e
5
5

e.

00 0 ® @
[V IV R T T RV,

gamma_left

pe

5

-1.000000 1.0060000 1.000000

N

aN

G_left

NaN

NaN

-0.096339 ©.075766 ©.786448

[ N

O O 0 © ® ©

1.
-1.
-1.
-1.
-1.

0.9, 'p
8.8, 'p
l.e, 'p
-1.@, '

1.8963391237638203,

Fl
.9

e

® 0 0 0 O ®© O

e.

2]
2]

pl
.731859
.731859
.731e59
.731859
.268941
.268941
.268941
268941

.5}
.5}

F2
1.896339
1.896339
1.896339
1.896339

-1.096339
-1.296339
-1.296339
-1.@96339

©.73108585786300049}

1 ©.2689414213699951}

H_left gamma_right G_right H_right

NaN NaN NaN
1.800000 -1.000000 1.000008
©.896339 -8.075766 B.786448

p2

. 749574
.749574
. 749574
. 749574
.250426
.250426
.250426
.250426

'p': ©.749573539410271}
-1.0963391237638203, 'p': ©.25042646058972895}

Hinh 12: So sanh viéc dung sklearn va tinh tay v6i mé hinh Gradient Boosting

3.5 XGBoost

3.5.1 Nguyén ly téng quéat

XGBoost (Extreme Gradient Boosting) mé rong tit Gradient Boosting bang viéc ding khai trién Taylor
bac hai clia ham mat mét.

s

3.5.2 Muc tiéu va khai trién Taylor bac hai

O vong t, ta thém mot cay f; (1 Ry, gid tri 14 wy;) vao

Ham muc tiéu:

T
Fi(x) = Fi_1(z) + fi(z), Q(fy) =T + % waj.
j=1

£®

Khai trién Taylor quanh Fy_1:

n

Zf(yi, Fioq1(z) + ft(fb“z‘)) + Qfy).

=1

Uy, Fro1 + fo) = yi, Fr1) + gife(2i) + Shifo(x)?,

gi

T OFF ()

ov
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B6 hang s6 >, £(yi, Fi—1), ta tdi wu

T

L = Z [thwtj + 5(Hyj + Nwii| +1Ty, Gy = Z 9i, Hij = Z h;.
7j=1 iGRtj iERtj

3.5.3 Chirng minh nghiém ti wu titng 14 va céng thitc gain

Véi moi 14 j:

9 1 2 * th
Bury [thwtj +5(Hy + Nwij| =0 = | w; = THy A
Thé vao: )
o1 G v
I 2Hy+ A '
Chia mét vung R (¢6 G, H) thanh Ry, Rr (c6 G, Hy, va Gr, Hg), Théng tin dat dugc:
G? G> G?
Gain = 1 L R _ _ i
am 2<HL+)\+HR+)\ ESY A

Ta chon split c6 Gain 16n nhat.

3.5.4 Vi sao xuit hién “Similarity Score”?

(1) Tir haim mét mat xap xi. Trong XGBoost, sau khi khai trién Taylor bac hai, ham muc tiéu
cho mét 14 R c6 dang:
L(w) =G(R)w+ 3(H(R) + A)w2,
v6i
GR)=> g, HMR)=> hi

1€ER i€ER

(2) Nghiém tbi wu cta la. Giai t6i wu:

E* __1 G(R)2
E™ 2H(R)+ A
(3) Dinh nghia Similarity Score. Dai lugng
__Gry
Score(R) = HR) + A

chinh 13 phan ti 1& v6i mitc gidm loss ma 14 R c¢6 thé mang lai. Do d6, Similarity Score duge ding nhu
thuéc do “chat lugng” ciia mot 14.
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(4) Y nghia tryc giac.

« Néu tat ca gradient g; trong la c¢6 cting diu (déu 4m hodc déu duong) = ching “giéng nhau” =
tong G(R) 16n vé do 16n = Score cao = 14 dong nhat va tot.

« Néu gradient trai ddu (mét s6 4m, mot s6 duong) = chiing triét tiéu nhau = G(R) nhd = Score
thadp = 14 khong dong nhat.

(5) Lién hé v8i Gain khi split. Khi chia mot ving P thanh hai 14 con L va R, céng thitc do lgi la:
Gain = (Score(L) + Score(R) — Score(P)) — .

Split t6t 1a split lam tang tong Similarity Score.

(6) Vi du minh hoa. Gia sit c6 4 diém trong mot 14, v6i Hessian h; = 1 va A = 1.

o Trudng hgp A: Gradient déu giong nhau, g = {—1,—1, -1, —1}.

G=—-4, H =4, Score=

L4 rat dong nhat, Score cao.
o Trudng hgp B: Gradient 1an 16n, g = {—1,—1,+1,+1}.
02

1r1 0

G=0, H=4, Score=
Céc gradient triét tiéu nhau, 14 khong dong nhat, Score thap.

(7) Két luan. Similarity Score phan dnh mttc d6 “dong thudn” ctia céc gradient trong mot 14. - Score
cao = l4 “gidng nhau” vé huéng cAp nhat = cdp nhit manh, gidm loss nhiéu. - Score thip = 14 chita
gradient trai chiéu = khong cai thién dugc nhiéu.
Khi nao dung g, h, khi ndo dung residual/Score?

« Trudng hgp téng quat (moi ham méit mat): Ludn viét bang gradient va Hessian:

2
G = Zgi, H= Zhi’ w' = —HLH, Score = HG—H
o Phan loai nhi phan (log-loss): g; = p; — yi, hi = p;(1 —p;). Néu goi residual r; = y; —p; = —g;

thi: )
_ (Em)
Sopi(l—p) + A

« Hbi quy MSE: Vé6i MSE, Hessian h; = 1 cho moi mau. Khi dé:

Score(R)

* 72 i Score(R) (o r)”

YT RN REEES

v6i r; = y; — F(x;) 1a residual. Vi h; khéng d6i nén ta khong can viét g, h nita ma chi dung residual
va s6 mau trong l4.
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3.5.5 Nguyén ly hoat dong

Dit liéu 8 mAu nhu cdc phan trude, ding nhan y € {0,1}. Khéi tao Fy(z) =0 = pgo) = o(Fp) = 0.5. -
Véi log-loss: g; = pi — yi, hi = pi(1 —p;). Tait =1: p; = 0.5 = g; = 0.5 —y; € {£0.5}, h; = 0.25 cho
moi 7.

Cha (toan b tap).
8
i=1

—_— ;
4 miu y=1 4 mau y=0

—_

=

2 2
Score(parent) = HG+ = 23 T = 0.

Ung vién split theo A. Nhém A=1c63miuy=1,1 muy=0; nhém A=0c6é 1 mduy=1, 3
mau y = 0.

Nhénh A=1: Gp =Y g =3(0.5-1)+1(0.5-0)= 1.0, Hy=Y hi=4-0.25=10,

A=1 A=1
Nhanh A=0: Gr=» ¢ =1(05-1)+3(0.5—-0)=+1.0, Hp=10.
A=0

Trong s 14 (nghiém téi wu):

G, —1 Ggr +1
T =- =— = +0.5 R=— =— = —0.5.
L Hp + )\ 1r1 - 0 YR Hp+ A 1+1
Similarity score ciia ting la:
Score(L) = ~CL — 1 _ 05 Score(R) =05
core(L) = =—-=0. core(R) = 0.5.
Hp + A 2 ’
Gain ctia split:
Gin=4[ 3 + 5 -0 |-v=[03]
ain = 3 5 5 v=10.5]
~~~ ~~ parent

Score(L)  Score(R)

Ung vién split theo B (dbi chiéu). Trong tap ndy, mdi phia clia B déu c6 2 miu y = 1 vi 2 mau
y=0=Gp=1=0, Hp=1=1; Gp=o =0, Hp—o = 1.

02

Score(B=1) = 1=

0, Score(B=0) =0 = Gaing = £(0+0—0) = 0.
K&t luan vong 1: chon split theo A (Gain = 0.5 16n hon).

Cap nhat m6 hinh sau vong 1.

),

+0.5 néuAd=1, 0.62246 (A=1
F(x) = { P =o(Fy) = { ( 0)

—0.5 néu A=0, B 0.37754 (A
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(Tuy chgn) Vong 2: tinh nhanh +* trén cung split A. Tinhlai g =p—y, h = p(1 —p) trén ting
nhénh:
A=1: ) g =13(0.6225 — 1) + 1(0.6225 — 0) = —0.1329,

Z h=4-[0.6225 - 0.3775] = 0.9400;
A=0: ) g =1(0.3775 — 1) + 3(0.3775 — 0) = +0.1329,
Z h = 0.9400.

. ~0.132 . 132
wi® = - O 06ss, ol = - 01329

_ = = —0.0686.
0.9400 + 1

S 0.9400 +1

Bién du doan duge “day xa” hon (xdc sudt tu tin hon) nhung s 16i khong d6i véi stump; log-loss tiép
tuc giam — dung tinh than boosting.

3.5.6 Dbi chiéu bing code Python

import numpy as np

import pandas as pd

from math import exp

from sklearn.metrics import accuracy_score

# - Data (8 samples) ----------
X = np.array([

(1,11,01,01,[1,1]1,[1,0],

to,11, 0,11, [0,0], [0,0]

1, dtype=float)

y = np.array([1,1,0,1,1,0,0,0], dtype=float) # {0,1}
A = X[:,0] .astype(int)

B = X[:,1] .astype(int)

n = len(y)

lam = 1.0 # (L2 on leaf)

gamma = 0.0 # (penalty per leaf / split)

lr = 1.0 # learning_rate

sigmoid = lambda z: 1.0/(1.0+np.exp(-z))

def sums_GH(F, mask):
p = sigmoid(F)
idx = np.where(mask) [0]
G = float(np.sum(plidx] - y[idx])) # gradient sum
H = float(np.sum(p[idx] * (1.0 - plidx]))) # hessian sum
return G, H

def leaf_weight(G, H, lam):
return - G / (H + lam)

def score(G, H, lam):
return (G*G) / (H + lam) if (H + lam) != 0 else 0.0
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def gain(parent, left, right, lam, gamma):
Gp, Hp = parent; Gl, Hl1 = left; Gr, Hr = right
return 0.5%(score(Gl,H1,lam) + score(Gr,Hr,lam) - score(Gp,Hp,lam)) - gamma

def split_stats(F, feat):

if feat == "A":

L = (A==0); R = (A==1)
else:

L = (B==0); R = (B==1)

parent = sums_GH(F, np.ones(n, dtype=bool))
left sums _GH(F, L)

right sums_GH(F, R)

return parent, left, right, L, R

#

# Hand derivation

#

print ("=== HAND DERIVATION (log-loss) ===")

FO = np.zeros(n) # base_score = 0.5 -> FO = 0

p0 = sigmoid(F0)
accO = accuracy_score(y, (p0>=0.5).astype(int))

# Stage 1: try split A and B at FO

parentA, leftA, rightA, LA, RA = split_stats(FO, "A")
GAO,HAO = leftA # A=0

GA1,HA1 = rightA # A=1

wAO = leaf_weight (GAO,HAO,lam)

wAl = leaf weight(GA1,HA1,lam)

gainA = gain(parentA, leftA, rightA, lam, gamma)

parentB, leftB, rightB, LB, RB = split_stats(FO, "B")
gainB = gain(parentB, leftB, rightB, lam, gamma)

print (f"[Stagel] A=0: G={GAO:.4f}, H={HAO:.4f}, wx={wAO:.4f},
Score={score(GAO,HAO,lam): .4f}")

print (f" [Stagel] A=1: G={GA1l:.4f}, H={HA1l:.4f}, wx={wAl:.4f},
Score={score(GA1,HA1,lam):.4f}")

print (£" [Stagel] Gain(A) = {gainA:.4f}")

GLO,HLO = leftB; GR1,HR1 rightB

print (£" [Stagel] B=0: G={GLO:.4f}, H={HLO:.4f}, Score={score(GLO,HLO,lam):.4f}")
print (£" [Stagel] B=1: G={GR1:.4f}, H={HR1:.4f}, Score={score(GR1,HR1,lam):.4f}")
print (f" [Stagel] Gain(B) = {gainB:.4f}")

# Update F1 with best split (A)

F1 = np.where(A==1, lr*wAl, lrxwA0) # +0.5 (A=1) / -0.5 (A=0)
pl = sigmoid(F1)

accl = accuracy_score(y, (p1>=0.5).astype(int))

# Optional Stage 2 (again splitting A to show Newton steps shrink)
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parent2, left2, right2, L2, R2 = split_stats(F1, "A")
GO,HO = left2; G1,H1 = right2

w2A0 = leaf_weight(GO,HO,lam)

w2A1 = leaf weight(G1,H1,lam)

gain2A = gain(parent2, left2, right2, lam, gamma)

print (f"\n[Stage2] A=0: G={GO:.4f}, H={HO:.4f}, wx={w2A0:.4f},
Score={score(G0O,H0,lam) : .4f}")

print (£" [Stage2] A=1: G={G1l:.4f}, H={H1:.4f}, wx={w2A1l:.4f},
Score={score(G1,H1,lam):.4f}")

print (£" [Stage2] Gain(A) = {gain2A:.4f}")

hand_table = pd.DataFrame ({
"ID": np.arange(l,n+1),
"A": A, "B": B, "y": y.astype(int),
"FO": FO, "pO": po,
"F1_hand": F1, "pl_hand": pl,
D

#
# XGBoost sklearn-style
#
try:
from xgboost import XGBClassifier, DMatrix
import xgboost as xgb
except Exception as e:
raise SystemExit(
"Ban can cai gbéi 'xgboost' (pip install xgboost). "
f'"Léi import: {e}"

# 1 tree, depth=1, 1lr=1, =1, =0, base_score=0.5, no sampling
xgb_model = XGBClassifier(

objective="binary:logistic",

n_estimators=1,

max_depth=1,

learning_rate=1.0,

reg_lambda=lam,

reg_alpha=0.0,

min_child_weight=0.0, # dé khong chan split

subsample=1.0,

colsample_bytree=1.0,

gamma=gamma,

base_score=0.5,

booster="gbtree",

grow_policy="depthwise",

tree_method="exact",

random_state=0
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xgb_model.fit (X, y)

# Raw margin and probability from the tree
booster = xgb_model.get_booster()
dm = xgb.DMatrix(X, label=y)

F1_xgb = booster.predict(dm, output_margin=True) # raw score after 1 tree
pl_xgb = 1/(1+np.exp(-F1_xgb))
# ---- Extract tree structure (compatible across xgboost versions) ----

booster = xgb_model.get_booster()

dm = xgb.DMatrix (X, label=y)

F1_xgb = booster.predict(dm, output_margin=True) # raw score after 1 tree
pl_xgb = 1/(1+np.exp(-F1_xgb))

df _tree = booster.trees_to_dataframe()

def is_leaf row(df):
feat = df.get("Feature", None)
if feat is None:
return pd.Series(False, index=df.index)
return (feat.astype(str).str.lower() == "leaf") | (feat.isna())

root_rows = df_tree[~is_leaf row(df_tree)]
if len(root_rows) ==
root = df_tree.iloc[0]
else:
if "Node" in root_rows.columns:
root_rows = root_rows.sort_values(by="Node")
root = root_rows.iloc[0]

split_feature = root.get("Feature", "unknown") # e.g., 'fO' ~ c6t 0 = A
gain_xgb = float(root.get("Gain", 0.0))

leaf mask = is_leaf_row(df_tree)
if "Value" in df_tree.columns:

leaf_vals = df_tree.loc[leaf_mask, "Value"].astype(float).tolist()
elif "Split" in df_tree.columns:

leaf_vals = df_tree.loc[leaf_mask, "Split"].astype(float).tolist()
else:

leaf _vals = []

print ("\n=== XGBoost (sklearn API) - model summary ===")
print ("Split feature at root:", split_feature, "(f0 ~ A, f1 ~ B)")
print ("Leaf weights (from tree DataFrame):", leaf_vals)
print ("Root split gain (xgboost):", round(gain_xgb, 6))

comp = hand_table.copy()
comp["F1_xgb"] = F1_xgb
comp["pl_xgb"] = pl_xgb
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comp["dF"] = comp["F1_xgb"] - comp["F1_hand"]
comp["dp"] = comp["pl_xgb"] - comp["pl_hand"]

print ("\n=== Per-sample comparison (Stage 1) ===")
print (comp.to_string(index=False))

print ("\nExpected (hand): split on A, leaves ~ [+0.5, -0.5], gain ~ 0.5")

=== HAND DERIVATION (log-loss) ===

[Stagel] A=0: G=1.0000, H=1.0000, w*=-0.5000, Score=8.5008
[Stagel] A=1: G=-1.8800, H=1.0008, w*=0.5080, Score=@.5800
[Stagel] Gain(A) = ©.5e80

[Stagel] B=0: G=0.86@0, H=1.8000, Score=0.0000

[Stagel] B=1: G=0.8000, H=1.800@, Score=0.0000

[Stagel] Gain(B) = ©.eeee

[Stage2] A=8: G=0.5102, H=0.9400, w*=-0.2630, Score=8.1342
[Stage2] A=1: G=-8.5102, H=8.940@, w*=0.2630, Score=08.1342
[Stage2] Gain(A) = ©.1342

=== XGBoost (sklearn API) — model summary ===
Split feature at root: fe (fe ~ A, f1 ~ B)
Leaf weights (from tree DataFrame): [nan, nan]
Root split gain (xgboost): 1.@

=== Per-sample comparison (Stage 1) ===

ID A B y Fe peé Fl_hand pl_hand F1_xgb pl_xgb dF dp
1 1 1 180.9 8.5 ©.5 9.622459 ©.5 ©.622459 ©.0 2.681459¢e-08
2 1 © 16#0.9 8.5 0.5 9.622459 9.5 ©.622459 0.9 2.081459e-08
3 1 1 ©80.080.5 9.5 9.622458 9.5 ©.622459 0.9 2.081459e-08
4 1 © 180.8 8.5 8.5 0.622459 9.5 ©.622459 0.0 2.881459e-08
5 @ 1 180.880.5 -0.5 9.377541 -9.5 ©.377541 9.0 8.987728e-09
6 8 1 © 0.8 8.5 -8.5 0.377541 -8.5 ©.377541 0.0 8.987728e-09
7 8 © © 9.9 0.5 -8.5 9.377541 -9.5 ©.377541 9.0 8.987728e-09
8 © © © 0.0 0.5 -0.5 9.377541 -9.5 ©.377541 0.0 8.987728e-09

Expected (hand): split on A, leaves ~ [+B.5, -©.5], gain ~ @©.5

Hinh 13: So sanh két qua gitta tinh tay va diing sklearn v6i XGBoost

3.6 LightGBM
3.6.1 Nguyén ly

Light GBM (Microsoft, 2017) van dua trén khung Gradient Boosting Decision Tree (GBDT) nhung duge
thiét ké dé ting téc va gidm bo nhd, dic biét trén tap dit lieu 16n véi nhicu dic trung. Nhing cai
tién chinh:

o Histogram-based algorithm: Thay vi luu toan bd gié tri lién tuc cta feature, Light GBM lugng

t1t hod (discretize) vao mot s6 lugng bins hitu han. Khi tinh todn split, chi can duyét qua bins,
thay vi duyét toan bd miu. = tiét kitm RAM v ting tdc dang ké.
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« Leaf-wise growth (best-first): Khac v6i XGBoost (depth-wise, m& rong can bang theo tang),
Light GBM chon ld ¢é gain ldn nhat dé tach trude. Diéu nay cho phép dao siu mdt nhanh tiém
ning, dat loss thap nhanh hon, nhung dé dan dén overfitting néu khong cé regularization.

« Gradient-based One-Side Sampling (GOSS): Giti lai toan b cdc mau c6 gradient 16n (mau
khé dy doan) va chi liy ngdu nhién mot phan nhd cac mau gradient nhé. = van giit dude “tin
hiéu quan trong” ma gidm sé mau phai xit 1y.

« Exclusive Feature Bundling (EFB): Trong dit liéu thua (sparse), nhieu dic trung hiém khi
ciing khac 0. Light GBM gop chiing vao mot “feature bundle” duy nhat dé gidm chiéu dit liéu ma
khong mat thong tin.

3.6.2 Céc cai tién cbt 16i ctia Light GBM: vi du va chitng minh

Ky higu chung. Tai mot vong boosting, v6i m6 hinh hién tai F, dit g; = 2% (x;), hy = 25 (x;). Voi
mot ving (14) R, ky hieu G(R) = Y,cp gi» H(R) = >_,c g hi. V6i tham s0 regularization A,y > 0, ta c6:
G(R) G(R)?
*(R) = ————2 Score(R) = —— 2
w'(R) H(R)+ X’ core(R) = Fpyn

. G2 G2 2
Gain(P— L, R) = %(HL-LH\ S rot Hpix) -

(1) Histogram-based algorithm: lugng ti hoa feature thanh bins

Y tudng. Thay vi duyét moi ngudng téch trén gid tri lién tuc z, ta luong tit hod 2 vao céc bin rdi rac
B = {by,...,bi} theo céc bién (1) < 71 < -+ < Tx) v cong don gradient/hessian theo bin:

Glow)= > g, Hb)= >  h
i:CCiG(Tk_l,Tk] i:l‘ie(Tk_l,Tk]
Khi xét mot split tai ranh bin m (tréi: Ug<y,, phai: Ugs,, ), cong thic Gain dung téng G, H theo bin:

(Crem G00)” | (TeamCGB0)° (2:G00)°

Chirng minh tinh ding din (bdo toan hinh thitc). Véi bat ky vimg R 1a hop céc bin, theo
tinh chat tuyén tinh ctia tong:

G(R)= > G(bx), H(R)=Y_ H(b).

brCR brCR

Gain(m) = 5(

Do d6 moi cong thitc w*, Score, Gain chi thay ). p bing Zbch, khéng doi hinh thiic. Sai s6 (néu c6)
chi dén tit viec khong zét cic ngudng gitia bién bin (xap xi hoa khong gian ngudng), chit khong dén tit
cong thiic t6i wu.

Vi du tinh tay Xét mot feature lién tuc = c¢6 6 mau da sip:

z=(1.0,1.1,1.9, 2.0, 3.1, 32), (g,h) = (=1,1),(=1,1), (+1,1), (+1,1), (=1,1), (+1,1).
Chia 3 bin: (1, 1.5], (1.5, 2.5], (2.5, 3.5]. Khi d6

Glb) = —1—1=—2, H(b))
G(bs) = +1+1=+2, H(by)
G(bg) =—-14+1=0, H(bg) = 2.

2;
2;
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V6i A =~ = 0, xét split tai m = 1 (tréi by, phai by U bs):

Gain—1(<_22)2+(—22)2—%2> =1(2+1)=15.

2

Néu duyét ngudng lién tuc ding ngay sau x = 1.1 (tiic tdch 2 mau dau), ta nhan cing G = —2, Hy, = 2
va Gp =42, Hp = 4 = Gain trung 1.5. Khi ngudng lién tuc roi trong mét bin, histogram s€ dung bién
gan nhat = sai khac chi do xap xi ngudng, khong do cong thic.

(2) Leaf-wise growth (best-first): tach 14 c6 Gain 16n nhét

Y twéng. Tai mdi budc, trong tdp @ng vién la cdc ld hién ¢d, chon 14 R* ¢6 Gain 16n nhat dé tach trudce
(best-first). Khéc v6i depth-wise (tdch dong loat tat c& 14 ¢ mot do sau), leaf-wise c6 thé dao sdu mot
nhdnh mang lai giam loss nhiéu nhat.

Chitng minh tinh t6i wu cuc bé (greedy budc mét). Ham muc tiéu xap xi theo tong céc 14
cong lai va moi split doc 1ap déng gép mot Gain:

L£=Y"L = hin —lziG(Rj)Q +y #14
_jj_agsz<Rj)+)\'ya.

O mot budc bt ky, viée tach mot 14 R chi thay thé £}, bang L, + L}, , do gidm diing bang Gain(R—
Rp, RR). Do vay, trong mot budc, chon 14 ¢6 Gain 16n nhat 13 t6i wu (greedy one-step optimal).

Vi du. Gia sit ¢6 2 14 hién tai Ry, Ry v6i Gainy = 0.40, Gaing = 0.15 (cung v, A). Leaf-wise sé tach
Ry trudce vi gidm loss nhidu hon ngay lap tiic; depth-wise cé thé budc tach ca hai (néu cting do sau),
kém hiéu qua khi ngan séch split han ché.

Gradient-based One-Side Sampling (GOSS): giit gradient 16n, 1iy maiu gradient nhé

Muc tiéu. Giam s6 mau phai xét khi tinh histogram, nhung khong lam sai léch huéng cap nhét.
Thuét toan. Sap theo |g;|. Chon toan bo top-a (ty 1& @) mau cé |g| 16n: A = {i : |g;| 16n}. Trong
phan con lai B, 14y ngau nhién ty 1é b: B’ C B. Scale phan B’ bang hé s6 s = l;ba khi cong don G, H:

GR)= > gi+s > g HR=> hi+s > h

i€ ANR i€B'NR i€ANR 1€EB'NR

Chitng minh khéng chéch (unbiased) vé ky vong. V&i mot chi bao Z; = 1{i € B’} doc lap,
E[Z] = b véi i € B. Do d6

E[G(R)] = Z gi + s Z E[Z;g:] = Z gi+ 5% b Z gizzgi = G(R).

i€ANR 1€EBNR i€ANR 1EBNR i€ER

~

Tuong tu, E[H(R)] = H(R). Suy ra trung binh theo chon mau, bidu thitc Score/Gain tinh tit (G, H) 1a
xap xi khong chéch clia gid tri gbc. Thuc t&, GOSS nhan manh mau khé (gradient 16n) nén phuong sai
ciing nhé di cho phan “quan trong”.

Vi du. Gid st mét vung ¢6 (g, h):

{(=2,1),(~1,1), (+0.1,1), (+0.1,1), (+0.1, 1), (+0.1,1)}.

Chon a = 2 giit —2,—1; trong 4 mau con lai, ldy b = 3 = ldy ngdu nhién 2 miu nhé va scale
s=10= % = 2. Ky vong G=(-2)+(-1)+ 2.0.2= -3+ ~ —2.733 (8 diy minh hoa mot ving
con; khi xét toan tap va theo split, ky vong trén todan khong gian chon mau sé khép dung G that; vi du
don nay cho thiy g 16n dudc giit nguyén, g nhd duge scale dé bit phan bi bd).
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Exclusive Feature Bundling (EFB): gdp feature loai trir nhau

Y tuéng. Trong dit liéu thua, hai dic trung =, 2 goi 14 loai triz néu hiém khi ciing khéc 0:
2 (i) - () (3) ~ 0 v6i hau hét i. Khi dé c6 thé gop vao mot feature z khong chong chéo bang céch dnh
xa mdi gia tri vé cdc ddi roi (disjoint ranges) clia z:

offset,, + bin(a:(“) (i)), néu 2 (3) # 0,
(i) = q offset, + bin(x(”) (i)), néu 2 (i) # 0,

0, néu ci hai bang 0.

Céc offset dugce dat sao cho hai nhém bin cta v va v khong tring.

Chitng minh béo toan tach (trudng hgp loai trir ding). Néu 2 va 2(*) khong bao gio cling
khéc 0, thi moi split trén 2 tuong duong mot split trén mot trong hai dic trung gdc (vi mién gia tri 2
la hgp roi nhau ctia hai cum bin). Do vay histogram G(b), H(b) theo z chinh 1a gdp ctia histogram theo
™ va () ma khong cé va cham = Score/Gain bao toan.

Khi cé va cham hiém. Néu mot s6 it quan sét cé ca hai dic trung khéc 0, c6 thé: (i) dit thém
offset /danh dau dé tach biét, hodc (i) chdp nhan mot zdp i nhé (dua hai gia tri vao ciing bin). Sai sb
chi 4nh huéng chon nguong tét nhat, khong thay déi cong thitc téi wu trén téng G, H.

Vi du mini. Gi sit hai feature nhi phan loai trit (), 2(*) € {0, 1}: trén 6 mau, ba mau c¢6 () =1,
ba mau c¢6 () = 1, khoéng c6 mau nio ca hai ciing 1. Gop thanh z véi offset: gid tri 1 ciia u 4nh xa vao
bin {1}; gid tri 1 ctia v 4nh xa vao bin {10}. Moi split trén z tai ngudng gitta 1 va 10 chinh 1a “chon u
hay v”. Cong don G, H theo bin ctia z ding bang cong don riéng ré theo v hoic v.

3.6.3 Chiing minh céng thitc cip nhat tai mdi 14
Gia sit ta da ¢6 mo hinh Fy_; tai vong ¢ — 1. Tai vong ¢, thém cdy f; gom céc 14 Ry; voi gia tri du dodn
wtj:

Fi(z) = Fi_1(z) + fi(2), fi(x) = Zwtj 1{z € Ryj}.

Khai trién Taylor bac hai loss quanh Fy_q:

n

£O =37 [gafiles) + $hifiei?] + (),

i=1
trong do
o 0%l
thl(a?i)? e aFQ

_ o
- OF

gi Fy1(x)

. Qf) =T+ 3% Zwtzj'
J

Nhém theo ting 14 Ryj:

Gy = Z gi, Hy = Z h;.

i€Ry; i€Ry;
Do dé: .
[,(t) = Z (thwtj + %(Htj + A)w%) + ’}/T.
J
T6i wu theo Wy

B, [thwtj + L (H, + A)wfj} = Gy + (Hyj + Nwy.

42



Al VIETNAM aivietnam.edu.vn

Cho bang 0:

* Gt]

Thé ngugc lai:
. 1 G

*

I T H A

Do Igi khi split. Néu tdch mot viung P thanh hai 14 L, R:

Gain = 1 G% G%? — G%’ _
2 Hp + A\ Hp + X Hp+ A

Vi sao diung histogram van giit céng thic nay? Khi dic trung dude luong tit hod thanh bins,
thay vi tinh trén timg mau, ta cong gradient /hessian theo bin:

Ghin = E i, Hyin = g hi.
i€bin i€bin

Khi duyét split tai ranh bin, cong thitc cho w*, Score v Gain van giéng hét, chi thay > bing > bin-

3.6.4 Vi du tinh tay (log-loss, A =1, v=0)

Thiét 1lap. Tap 8 mau, 2 dic trung A, B, nhan y € {0,1}. Khéi tao Fy = 0 = po = o(Fp) = 0.5. Voi
log-loss: g; = pi — yi, hi = pi(1 — p;). Tai Fo: g; € {£0.5}, h; = 0.25 cho moi i.

Cha (toan bd). C64 mauy=1va 4 mauy=0:

G

Gp=) gi=4(-05)+4(+0.5)=0, Hp=)» h=8-025=2,  Score(P)= e

Split theo A (vong 1). Nhém A =1 ¢6 3 mau y=1 va 1 mau y=0; A = 0 thi ngugc lai.

G 1 1
=4+— =405, S =—-=0.5
HT +2 +0.5, dcore 5 ,

1
A=0: G=+10, H=10 = w*'= 5= —0.5, Score = 0.5.

A=1: G=-10, H=10 = w*=—

Gain cua split:
Gaing = $(0.5+ 0.5 — 0) = 0.5.

(Cung cong thitc ctia LightGBM/XGBoost; luu y mot s6 ban cai dit bao split_ gain khong nhdn 1/2
nén c6 thé in ra ~ 1.0.)

Split theo B (dbi chiéu). Hai phia can bang 2/2 = G =0, H =1 = Score = 0 = Gaing = 0. Vay
chon split theo A.

Cap nhat sau vong 1.

+0.5, A=1 0.62245933, A =1
Fi(z) = — = WV =o(R) = _
—-05, A=0 0.37754067, A =0

(twong tng A = p((1 — p(V) = 0.23500371 cho moi mau.)
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Vong 2 (tinh trén phan phdi méi). Tinh lai g = pM —y, h = pM (1 — pM) theo timg l4.
-La A=1 (3 duong, 1 am):

G| =3(0.62245933—1)+1(0.62245933—0) = —0.51016268,  H'), = 4-0.23500371 = 0.94001485.
-La A=0 (1 duong, 3 am):
G?) = 1(0.37754067 — 1) + 3(0.37754067 — 0) = +0.51016268,  H'?, = 0.94001485.

Gia tri 14 tbi wu ctia cAy thit 2 (néu lai chon split gibng nhau):

- = —0.262991
- 0.94001485 + 1

@) —0.51016268 @) 10.51016268
__TERUIO0 1 0.262991 -
004001485 +1 T » Wa=o

Nghia la ciy thit 2 cong thém 40.263 (theo nhanh A), lam bién F “day xa hon” (x4c suét tu tin hon),
ding tinh than boosting.

3.6.5 Dbi chidu bing code Python

import numpy as np, pandas as pd
from sklearn.metrics import accuracy_score

# ————- Data (8 samples) -----

X = np.array([
(1,11,[1,01,[1,1],[1,0],
o,11, 0,11, [0,0], [0,0]

1, dtype=float)

y = np.array([1,1,0,1,1,0,0,0], dtype=float) # {0,1}
A = X[:,0].astype(int); B = X[:,1].astype(int)

n = len(y)

lam = 1.0 # L2 leaf

gamma = 0.0 # split penalty

lr = 1.0 # learning rate (shrinkage)

sigmoid = lambda z: 1/(1+np.exp(-z))

def sums_GH(F, mask):

p = sigmoid(F); idx = np.where(mask) [0]
G = float(np.sum(p[idx] - y[idx]))
H = float(np.sum(p[idx] * (1-p[idx])))

return G, H

def leaf_weight(G,H,lam): return - G / (H + lam)
def score(G,H,lam): return (G*G)/(H+lam) if (H+lam)!'!'=0 else 0.0
def gain(parent,left,right,lam,gamma, half=True):
Gp,Hp = parent; G1,H1 = left; Gr,Hr = right
g = (score(Gl,Hl,lam) + score(Gr,Hr,lam) - score(Gp,Hp,lam))
return 0.5*%g - gamma if half else g - gamma # LightGBM may report without 1/2
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def split_stats(F, feat):

if feat=="A":

L = (A==0); R = (A==1)
else:

L = (B==0); R = (B==1)

parent = sums_GH(F, np.ones(n, dtype=bool))
left = sums_GH(F, L)
right = sums_GH(F, R)

return parent, left, right, L, R

# ======= HAND: Stage 1 =======

FO = np.zeros(n)

parentA, leftA, rightA, LA, RA = split_stats(F0,"A")

GAO,HAO = leftA; GA1,HAl1 = rightA

wAO = leaf_weight(GAO,HAO,lam) # expect -0.5

wAl = leaf_weight (GA1,HA1,lam) # expect +0.5

gainA_half = gain(parentA,leftA,rightA,lam,gamma,half=True) # expect 0.5
gainA_full = gain(parentA,leftA,rightA,lam,gamma,half=False) # expect 1.0

# Alternative split B
parentB, leftB, rightB, LB, RB = split_stats(F0,"B")
gainB_half = gain(parentB,leftB,rightB,lam,gamma,half=True) # expect 0.0

F1_hand = np.where(A==1, lr*wAl, 1lr*wAO)
pl_hand = sigmoid(F1_hand)
print("=== HAND (Stage 1) ===")

print (f"A=1: G={GA1l:.6f}, H={HA1l:.6f}, wx={wAl:.6f}, Score={score(GA1l,HAl,lam):.6f}")
print (f"A=0: G={GAO:.6f}, H={HAO:.6f}, wx={wAO:.6f}, Score={score(GAO,HAO,lam):.6f}")
print (£"Gain(A) {gainA_half:.6f} (ours, 1/2 factor)")

print (f"Gain(A)’ = {gainA_full:.6f} (LightGBM’s reporting, no 1/2)")

print (£"Gain(B) {gainB_half:.6f}")

print ()

# ======= HAND: Stage 2 (using the same split on A) =======
parent2, left2, right2, L2, R2 = split_stats(F1_hand,"A")
GO,HO = left2; G1,H1 = right2

w2_AO0 = leaf_weight(GO,HO,lam) # expect about -0.262991
w2_Al = leaf_weight(G1l,H1,lam) # expect about +0.262991
print ("=== HAND (Stage 2) ===")

print (f"A=1: G={G1l:.6f}, H={H1:.6f}, w2*={w2_A1l:.6f}")
print (f"A=0: G={GO:.6f}, H={HO:.6f}, w2*x={w2_AO:.6f}")
print ()

hand_df = pd.DataFrame ({
"ID": np.arange(l,n+1),
"A":A,"B":B,"y":y.astype(int),
"FO":FO, "F1_hand":F1_hand, "pl_hand":pl_hand
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import lightgbm as 1gb
except Exception as e:

raise SystemExit("H&8y cdi: pip install lightgbm\nLdi import:

# Train with 2 trees to extract both stages; stump each time.
lgbm = 1lgb.LGBMClassifier(
objective="binary",

n_estimators=2, # 2 trees to see stage-2 increment
num_leaves=2, # stump (2 leaves)
max_depth=1,

learning_rate=lr,
reg_lambda=lam,
reg_alpha=0.0,
min_child_samples=1,
subsample=1.0,
colsample_bytree=1.0,
boosting_type="gbdt",
importance_type="gain",
verbosity=-1
)
# IMPORTANT: make FO = O so it matches the hand setup
lgbm.set_params(boost_from_average=False)
lgbm.fit (X, y)

# Raw scores after tree 1 and tree 2
F_after_1 = lgbm.predict(X, raw_score=True, num_iteration=1)
F_after_2 = lgbm.predict(X, raw_score=True, num_iteration=2)

"+str(e))

delta_tree2 = F_after_2 - F_after_1 # contribution of tree 2 alone

# Dump trees to read split feature, gain, leaf values
dump = lgbm.booster_.dump_model()
def tree_info(k):

return dump["tree_info"] [k] ["tree_structure"]

def leaves_of (tree):
vals = []
def dfs(node):
if "split_feature" in node:
dfs(node["left_child"]); dfs(node["right_child"])
else:
vals.append(node["leaf_value"])
dfs(tree); return vals

t0 = tree_info(0); tl = tree_info(1)

root_feat_t0 = t0.get("split_feature", None) # 0 ~ column O (A),
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root_gain_t0 = t0.get("split_gain", None) # may be 1.0 (no 1/2 factor)

leaves_t0 = leaves_of (t0)

root_feat_tl = tl.get("split_feature", None)
root_gain_t1l = tl.get("split_gain", None)
leaves_tl = leaves_of(tl)

feat_map = {0:"A", 1:"B"}
print ("=== LightGBM model summary ===")

print (f"Tree 1 root: feature={feat_map.get(root_feat_t0,'?')}, split_gain={root_gain_t0:.6f}")
print(f"Tree 1 leaves: { [round(v,6) for v in leaves_tO0] } (expect [+0.5, -0.5]1)")

print (f"Tree 2 root: feature={feat_map.get(root_feat_t1,'?')}, split_gain={root_gain_t1:.6f}")
print (f"Tree 2 leaves: { [round(v,6) for v in leaves_t1] } (expect [+0.262991, -0.262991])")

print ()

# ===== Per-sample comparison =====

compl = hand_df.copy()

compl["F1_1gb"] = F_after_1

compl["p1_1gb"] = 1/(1+np.exp(-compl["F1_1gb"]1))
compl["dF1"] = compl["F1_1gb"] - compl["F1_hand"]
compl["dp1"] = compl["pl_lgb"] - compl["pl_hand"]

comp2 = pd.DataFrame ({
"ID": np.arange(l,n+1),
"A":A,"contrib_tree2_lgb": delta_tree2,
b
# Expected contributions of tree2 by hand:
exp2 = np.where(A==1, w2_A1, w2_AO)
comp2["contrib_tree2_hand"] = exp2
comp2["delta"] = comp2["contrib_tree2_lgb"] - comp2["contrib_tree2_hand"]

print ("=== Per-sample comparison: Stage 1 (F1, pl) ==="
print(compl [ ["ID" s nAu s ngn s ||y|| s "Fl_hand" s
"F1_lgb","dF1","pl_hand","pl_lgb","dpl"]].to_string(index=False))

print ("\n=== Per-sample comparison: Tree 2 contribution (raw) ===")
print (comp2.to_string(index=False))
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HAND (Stage 1) ===

A=1: G=-1.000000, H=1.000000, w*=0.560008, Score=0.500000
A=0: G=1.000008, H=1.000080, w*=-0.560008, Score=0.500000
Gain(A) = e.5eeeee® (ours, 1/2 factor)

Gain(A)’ = 1.eeeee® (LightGBM’s reporting, no 1/2)
Gain(B) = ©.000000

ﬁ-:l:'-
® =

Tree
Tree
Tree
Tree

HAND (Stage 2) ===

: G=
: G=

-8.510163, H=0.948015, w2*=0.262968
©.510163, H=0.940015, w2*=-0.262968

LightGBM model summary ===

1

1
2
2

root: feature=A, split_gain=1.000000

leaves: [-©.5, ©.5] (expect = [+08.5, -©.5])

root: feature=A, split_gain=©.268313

leaves: [-©.262968, ©.262968] (expect = [+0.262991, -©.262991])

Hinh 14: So sanh két qua gitta tinh tay va dimng sklearn v6i mo6 hinh Light GBM

4 Bai toan thuc nghiém: Phan loai ung thu va

import
import
import
import
import

)

os

platform

time

numpy as np
pandas as pd
from sklearn.datasets import load_breast_cancer, make_classification
from sklearn.model_selection import RepeatedStratifiedKFold
from sklearn.metrics import (
accuracy_score, balanced_accuracy_score, fl1_score,
roc_auc_score, average_precision_score, log_loss

from sklearn.tree import DecisionTreeClassifier

from sklearn.ensemble import (
RandomForestClassifier,
ExtraTreesClassifier,
GradientBoostingClassifier,
HistGradientBoostingClassifier,
AdaBoostClassifier,

)

# Optional imports
HAS_XGB = False
HAS_LGBM = False

try:

from xgboost import XGBClassifier
HAS_XGB = True

except Exception:
HAS_XGB = False
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try:

import lightgbm as 1gb
HAS_LGBM = True
except Exception:

HAS_LGBM = False

def in_notebook() -> bool:

def

def

"""Detect Jupyter/Colab to avoid argparse reading kernel args."""

try:

from IPython import get_ipython # type: ignore

return get_ipython() is not None
except Exception:

return False

get_dataset (args):

if args.dataset == "breast_cancer":
data = load_breast_cancer()
X, y = data.data, data.target
name = "breast_cancer"

elif args.datase

weights = None

if args.class_weight is not None:
weights

X, y = make_classification(
n_samples=args.n_samples,
n_features=args.n_features,

n_informative=args.n_informative,
n_redundant=max(0, args.n_features - args.n_informative - 5),

== "synthetic":

n_clusters_per_class=2,
flip_y=0.01,

weights=weights,
random_state=42,

)
name =
else:

raise ValueError ("Unknown dataset")

return X, y, name

get_models(args) :

# compact defaults; --fast shrinks them for quick runs
n_est_rf = 100 if args.fast else 200

n_est_et = 150 if args.fast else 300

n_est_gbm = 100 if args.fast else 200

n_iter_hgb= 100 if args.fast else 200

n_est_ada = 150 if args.fast else 300

n_est_xgb = 150 if args.fast else 300

n_est_lgb = 150 if args.fast else 300

models = {}

models["DecisionTree"] = DecisionTreeClassifier(
criterion="gini", max_depth=None, random_state=args.seed

)

models["RandomForest"] = RandomForestClassifier(

"synthetic"

[args.class_weight]

# class O proportion

n_estimators=n_est_rf, max_depth=None, n_jobs=args.n_jobs, random_state=args.seed

)

models ["ExtraTrees"] = ExtraTreesClassifier(

n_estimators=n_est_et, max_depth=None, n_jobs=args.n_jobs, random_state=args.seed

)

models["GradientBoosting"] = GradientBoostingClassifier(
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def

def

learning_rate=0.1, n_estimators=n_est_gbm, max_depth=3, random_state=args.seed
)
models["HistGradientBoosting"] = HistGradientBoostingClassifier(
learning_rate=0.1, max_depth=None, max_iter=n_iter_hgb, random_state=args.seed
)
models ["AdaBoost (stump)"] = AdaBoostClassifier(
n_estimators=n_est_ada, learning rate=0.5, random_state=args.seed

)
if HAS_XGB:
models ["XGBoost"] = XGBClassifier(
objective="binary:logistic",
n_estimators=n_est_xgb,
learning_rate=0.1,
max_depth=6,
subsample=0.8,
colsample_bytree=0.8,
reg_lambda=1.0,
reg_alpha=0.0,
tree_method="hist", # fast and comparable to HGB
n_jobs=args.n_jobs,
random_state=args.seed,
eval_metric="logloss",
verbosity=0,
)
if HAS_LGBM:

models["LightGBM"] = 1gb.LGBMClassifier(
objective="binary",
n_estimators=n_est_lgb,
learning_rate=0.1,
num_leaves=31,
subsample=0.8,
colsample_bytree=0.8,
reg_lambda=1.0,
random_state=args.seed,
n_jobs=args.n_jobs,
boosting_type="gbdt",
verbose=-1,

)

return models

proba_or_scores(model, X):
"""Return probability for class 1 if available; else decision_function; else label."""
if hasattr(model, "predict_proba"):

p = model.predict_proba(X)

if p.ndim == 2 and p.shape[l] == 2:

return p[:, 1]

return np.argmax(p, axis=1)
if hasattr(model, "decision_function"):

s = model.decision_function(X)

return s.ravel() if s.ndim > 1 else s
return model.predict (X)

run_benchmark (args) :
X, y, ds_name = get_dataset(args)
models = get_models(args)

rskf = RepeatedStratifiedKFold(
n_splits=args.splits, n_repeats=args.repeats, random_state=args.seed
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rows = [
fold_idx
for trai
fold
X_tr
y_tr

for

]

=0

n_idx, test_idx in rskf.split(X, y):
_idx += 1

ain, X_test = X[train_idx], X[test_idx]

ain, y_test = y[train_idx], y[test_idx]

name, model in models.items():
if hasattr(model, "random_state"):
setattr(model, "random_state", args.seed + fold_idx)

# Fit timing

t0 = time.perf_counter()
model.fit(X_train, y_train)
fit_time = time.perf_counter() - tO

# Predict timing

tl = time.perf_counter()

y_pred = model.predict(X_test)
pred_time = time.perf_counter() - ti

# Scores

scores = proba_or_scores(model, X_test)

acc = accuracy_score(y_test, y_pred)

bacc = balanced_accuracy_score(y_test, y_pred)
f1 = f1_score(y_test, y_pred)

# ROC-AUC & PR-AUC
try:
auc = roc_auc_score(y_test, scores)
except Exception:
auc = np.nan
try:
prauc = average_precision_score(y_test, scores)
except Exception:
prauc = np.nan

# Log loss (chi khi cé xac suit)
11 = np.nan
try:
if scores.ndim == 1 and np.all((scores >= 0) & (scores <= 1)):
11 = log_loss(y_test, scores)
elif hasattr(model, "predict_proba"):
p = model.predict_proba(X_test)[:, 1]
11 = log_loss(y_test, p)
except Exception:
pass

rows . append (
{

"dataset": ds_name,
"model": name,
"fold": fold_idx,
"fit_time_sec": fit_time,
"pred_time_sec": pred_time,
"accuracy": acc,
"balanced_accuracy": bacc,
"fiv: f1,
"roc_auc": auc,
"pr_auc": prauc,

o1
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"log_loss": 11,

}
)
df = pd.DataFrame(rows)
# Aggregate
agg = (
df .groupby(["dataset", "model"])
-agg(
mean_fit_time=("fit_time_sec", "mean"),
mean_pred_time=("pred_time_sec", "mean"),
mean_accuracy=("accuracy", "mean"),
std_accuracy=("accuracy", "std"),
mean_bal_accuracy=("balanced_accuracy", "mean"),
mean_f1=("f1", "mean"),
mean_roc_auc=("roc_auc", "mean"),
mean_pr_auc=("pr_auc", "mean"),

)

mean_log_loss=("log_loss", "mean"),
folds=("fold", "count"),
)
.reset_index()
.sort_values(["mean_roc_auc", "mean_accuracy"], ascending=False)

return df, agg

def build_parser():

p

)

o)

-oo oo kO oo o oo

= argparse.ArgumentParser (
description="Benchmark tree-based models (runtime & accuracy)."

.add_argument ("--dataset", type=str, default="breast_cancer",

choices=["breast_cancer", "synthetic"])

.add_argument ("--splits", type=int, default=5)
.add_argument ("--repeats", type=int, default=2)
.add_argument ("--plot", action="store_true")

.add_argument ("--fast", action="store_true")

.add_argument ("--n-jobs", type=int, default=os.cpu_count())
.add_argument ("--seed", type=int, default=42)

synthetic options

.add_argument ("--n-samples", type=int, default=3000)
.add_argument ("--n-features", type=int, default=30)
.add_argument ("--n-informative", type=int, default=10)
.add_argument ("--class-weight", type=float, default=None,

help="Proportion for class 0 (e.g., 0.3). If None, balanced.")

return p

def in_notebook():
try:

from IPython import get_ipython
return get_ipython() is not None

except Exception:

return False

def main():
parser = build_parser()
argv = [] if in_notebook() else None
args = parser.parse_args(argv)

print (£"Python {platform.python_version()} | 0S: {platform.system()} | CPU cores: {os.cpu_count()}")
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278 df, agg = run_benchmark(args)

279 print ("\n=== Fold-level results (head) ==="

280 print (df.head(10) .to_string(index=False))

281 print ("\n=== Aggregated results ===")

282 print(agg.to_string(index=False))

283

284 df .to_csv("tree_bench_folds.csv", index=False)
285 agg.to_csv("tree_bench_summary.csv", index=False)
286 print ("\nSaved: tree_bench_folds.csv, tree_bench_summary.csv")
287

288

289 if __name__ == "__main__":

290 main()

=== Fold-level results (head) ===

dataset model fold fit_time sec pred_time_sec accuracy balanced_accuracy f1 roc_auc pr_auc log less
breast_cancer DecisionTree 1 0.078539 0.003721 ©.921053 ©.922863 ©.935252 ©.922863 ©.927735 2.845552
breast_cancer RandomForest 1 @.984219 ©0.084305 ©.964912 ©9.967245 8.971429 0.997707 ©.998593 0.298857
breast cancer ExtraTrees 1 @.674562 ©.091990 ©.991228 ©.992958 ©.992908 ©.999672 ©.999804 ©.@85350
breast_cancer GradientBoosting 1 2.615884 ©.0@6107 ©.973684 ©9.969702 ©.979021 ©.993362 ©.999038 ©.@6755@
breast_cancer HistGradientBoosting 1 1.030585 0.006439 ©.982456 ©.981330 ©.985915 0.999672 ©.999804 ©.022512
breast_cancer AdaBoost(stump) 1 2.011278 ©9.0845584 9.991228 ©9.988372 0.993007 1.000000 1.00000@ ©.552937
breast_cancer XGBoost 1 @.333381 ©9.006167 ©.991228 ©.992958 ©.992908 1.000000 1.000000 ©.847846
breast_cancer LightGBM 1 0.181239 0.004019 ©.991228 ©.988372 ©.993007 ©.999345 ©.999686 ©.033309
breast_cancer DecisionTree 2 0.024677 0.080793 ©.885965 0.867180 ©.911565 ©.867180 ©.867000 4.110241
breast_cancer RandomForest 2 8.477936 0.062151 ©.929825 ©9.916148 ©.945205 ©.975434 ©.971198 ©.425668
=== Aggregated results ===

dataset model mean_fit_time mean_pred_time mean_accuracy std _accuracy mean_bal accuracy mean_fl mean_roc_auc mean_pr_auc mean_log loss folds
breast_cancer AdaBoost(stump) 1.720984 0.035908 0.972768 0.012030 09.967724 @.978569 0.994673 ©.996543 ©.529487 1e
breast_cancer XGBoost @.215526 08.002526 0.967482 8.812455 08.964491 @8.974178 08.994139 ©.996183 @.890537 1@
breast_cancer LightGBM 9.160677 0.003123 0.971014 0.913089 ©.965920 @.977153 0.993843 0.996014 9.100022 1e
breast_cancer ExtraTrees ©.518019 0.082618 0.965751 9.215133 8.960752 8.972987 0.993762 ©.995951 ©.111929 1e
breast_cancer GradientBoosting 2.244938 0.001831 ©.956955 0.022444 ©.951371 @.966002 0.992124 ©.994825 9.152960 1e
breast_cancer HistGradientBoosting @.950298 0.004356 0.960456 @.219065 8.952728 ©8.969891 8.991982 9.994641 @.173059 1@
breast cancer RandomForest @.531048 @8.054241 ©9.954293 ©.916519 9.949699 ©.963757 ©.98915@ ©.989961 @.17e401 1e
breast_cancer DecisionTree 9.033257 0.000928 0.921751 0.027438 ©.918018 @.937486 0.918018 ©.921805 2.820370 1e

Hinh 15: So sdnh hiéu qué hoat dong ctia toan bd md hinh cay

Két qua trung binh trén 10 folds cho thay:
e D6 chinh xac (Accuracy & ROC-AUC):

— Céac md hinh boosting hi¢n dai nhu XGBoost (ROC-AUC = 0.994) va Light GBM (ROC-
AUC ~ 0.996) dat két qua gan nhu hoan hao.

— AdaBoost ciing cho ROC-AUC ~ 0.995, vugt troi so véi Gradient Boosting truyén thong.

— Random Forest va Extra Trees duy tri hiéu qua tot (ROC-AUC = 0.99).

— Decision Tree kém 6n dinh hon v4i ROC-AUC ~ 0.918.

o Thdi gian huin luyén:

Decision Tree nhanh nhat (= 0.03s) nhung dé chinh x4c thap hon.

XGBoost va Light GBM can bang: vita nhanh (XGBoost ~ 0.2s, Light GBM ~ 0.16s) vira
cuc ky chinh xéc.

Gradient Boosting truyén thong kha cham (=~ 2.24s).
AdaBoost mat nhiéu thdi gian nhat (=~ 1.72s).

e Log Loss:

— Light GBM c6 log loss thap nhat (=~ 0.10), thé hién x4c suat du dodn dugc calibrate tot.

— Decision Tree c6 log loss cao nhat (= 2.82), cho thiy xéc suat du doan kém o6n dinh.
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Téng két so sanh

Decision Tree: don gidn, nhanh, dé hiéu nhung khoéng phtt hop khi yéu cau d6 chinh xéc cao.
Random Forest & Extra Trees: cho két qua én dinh, tuy nhién chua bang Boosting hién dai.
Gradient Boosting c6 dién: dat ROC-AUC ~ 0.992, nhung tc d6 cham va kém tdi wu hon.

HistGradientBoosting: cai thién téc do nhd st dung histogram, két qui gan tuong duong
Light GBM.

AdaBoost: manh khi dit liéu it nhiéu, song mat thdi gian train lau hon.

XGBoost & LightGBM: ndi bat nhit, cAn bang gitta hiéu ning va hiéu qué, phi hop véi dit
liéu 16n.
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